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1. Introduction 
Visual processing has predominantly been aimed at labeled, static images (e.g., caltech101), 
ignoring a) moving images, which constitute a vast amount of visual data (e.g., youtube, 
television, as well as all natural visual real-‐world experience); and b) unlabeled images; 
despite the fact that labeling is among the most time-‐intensive aspects of vision research.  We 
studied 1) the development of tasks for visual processing of moving scenes, to provide the 
Mield with datasets and benchmarks, to begin to try to catch up to the very large number of 
static visual datasets; and 2) development and testing of algorithms for vision for time-‐
varying images (VTV), including evaluation of existing algorithms and development of novel 
approaches.  This grant was intended to be a relatively brief (18 month) initial proof of 
principle effort.  It has arguably exceeded its initial aims: we have developed novel 
algorithms for object recognition and localization in both still images and in videos, and we 
have carried out initial evaluations comparing the new methods with previous approaches.  
The results, described herein, are promising, and ongoing work is aimed at extending the 
initial findings to include a suite of advanced approaches to VTV tasks.   

 

 

2. Novel supervised learning system 
The results of this work have been based on algorithms developed from brain circuit 
analysis, described in part in a series of publications (Rodriguez et al., 2004; Granger 2005; 
2006; Felch & Granger 2008; 2011; Granger 2012).  In short, multiple regions of the brain 
perform individual algorithms in isolation, and their combined operation yields a system that 
takes inputs, constructs memory hierarchies incrementally via learning, and produces 
suggested output responses.  The internal representations are in the form of nested 
sequences of categories, corresponding to invariant spatiotemporal patterns; these have 
been analyzed in terms of families of grammars that encode relations organized 
hierarchically (Granger 2006; 2012).   

 

The corito-striatal loop (CSL) system is one instance of a method that emerges from the 
interaction of two distinct simpler algorithms (both derived from brain circuit operation): 
one that performs the operation of unsupervised clustering, and the other performs match-‐
mismatch signaling. The combined system operates in unsupervised mode, except when 
presented with information that can be used for reinforcement. For instance, complex 
patterns (e.g., objects with various shapes) may be initially learned via unsupervised 
relations among their component parts. Whenever these unsupervised representations are 
found to be at odds with (sparse) supervised information (e.g., when an input is categorized 
incorrectly), the condition triggers a further unsupervised split of the node in the tree.  This 
successive subdivision repeats until a correct supervised classification is arrived at 
(Chandrashekar & Granger 2012). The result integrates unsupervised rich representations 
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via extremely inexpensive methods, with sparse reinforcement signals used when they are 
available.   

 

The CSL algorithm is a generative method, i.e., it is in the category of algorithms that model 
data occurring within each presented class, rather than “discriminative” methods, which 
seek solely to identify differences between classes. Generative models are often taken as 
performing extra work compared to discriminative models, especially in cases where the 
only task is to distinguish among labeled classes (Ng & Jordan 2002). The CSL method thus 
carries out more work than typical classification methods such as support vector machines 
(SVMs). Yet experiments have been run to compare the algorithms against each other on 
classification tasks, with surprising results. The classification task is, for the CSL algorithm, 
a restricted task, since the algorithm is capable of many additional operations (including 
unsupervised learning, localization, and others); yet this restricted task is among the most 
widely-‐used applications in image processing. In this task, the CSL algorithm achieves 
classification results comparable to those of SVMs, yet uses far less computational cost to do 
so, despite carrying out the additional work entailed in generative learning (Chandrashekar 
& Granger 2012). 

 

The CSL mechanism identifies supervised class boundaries as a side-‐effect of its primary 
operation, which is that of uncovering structure in the input space independent of 
supervised labels. It performs solely unsupervised splits of the data into similarity-‐based 
clusters. The algorithm, described in detail in Chandrashekar & Granger (2012), is as shown 
below.   

 
The method constructs a class tree that records unsupervised structure within the data as 
well as providing a means to perform class prediction on novel samples, as per supervised 
learning tasks. The PARTITION function denotes an unsupervised clustering algorithm 
which can in principle be any of a family of clustering routines. The function SUBDIVIDE 
determines whether or not the data at a given tree node qn all belong to a single labeled 
class; if not, the function iterates to further subdivide the node. 
 
This deceptively simple mechanism not only produces a supervised classifier, but also 
uncovers the similarity structure embedded in the dataset, which competing supervised 
methods such as SVMs do not do. Despite the fact that competing algorithms, including SVM 
and Knn methods, were designed expressly to obtain maximum accuracy at supervised 
classification, we have presented findings indicating that even on this task, the CSL 
algorithm achieves comparable accuracy while requiring significantly less computational 
resource cost. This work is described in detail in (Chandrashekar & Granger 2012). 
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1: CSL Learning Algorithm 

 

3. Joint localization and clustering 
Another derived method, JLC, is a generative model that simultaneously identiMies the objects 
in a set of image data and identiMies the locus of those objects within the images. The 
algorithm searches a (preferably very large) dataset and clusters together images containing 
similar neighboring feature groups, this identifying the occurrence of similar-‐appearing 
regions across the images. The method learns the feature histograms (using just a simple 
bag of features representation) in tandem with the region of the image that contains that 
feature set; the corresponding region is designated the “foreground” for that object for that 
image. (Foregrounds can be represented in either of two ways: as bounding boxes or as 
“superpixels”; the latter are comprised of bottom-‐up unsupervised segments within the 
scene.) 

 

The method completely eliminates the need for labeling of images. This is arguably one of 
the most time consuming and expensive components of image processing. The intuition 
behind the approach is that objects can be viewed as recurring foreground patterns 
appearing as coherent image regions. This approach has been used in several other studies 
such as semantic latent topic models for image clustering (Russel et al., 2006; Fritz & Schiele 
2008). 

 
The method is a generative model of “foreground” formation that enables simultaneous 
image clustering and efficient foreground localization via maximum likelihood estimation. 
We formulate object discovery as the task of partitioning an unlabeled collection of images 
into K subsets (clusters) such that all images within each subset share a similar foreground. 
In order to obtain a method scalable to large collections and many classes, we adopt a 
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foreground mask-‐based representation of objects, which enables fast localization given the 
object model. We do not commit to any particular bottom up segmentation model. Instead 
we treat the foreground mask as a parameter to be estimated as part of the likelihood 
optimization. We demonstrate that this leads to localization and image clustering that 
outperforms competing approaches (Chandrashekar et al., 2012). We view each object 
instance as a random variable drawn from an unknown distribution common to all 
instances of that object class. This common distribution assumption constrains all 
subwindow histograms of an object class to represent subtle variations around a 
prototypical average histogram. Based on this assumption, our approach poses object 
discovery as a maximum likelihood estimation problem to be optimized over the collection 
of unlabeled images. We have presented a method that maximizes this objective by 
simultaneously solving for the histogram model parameters of the object classes, detecting 
the object instances of each class in the unlabeled images, and performing a soft semantic 
clustering of images in the dataset. 

 
 

4. Object discovery in videos 
The work on joint localization and clustering operates on static images, yet most visual input 
is time-‐varying input, whether from movies, TV, videos, surveillance, or simply everyday 
visual experience. Video data actually adds useful constraints to the object recognition task, 
via inherent temporal consistency across neighboring frames, measurable via a range of 
optic Mlow methods. 
 

The video work extends our generative model of static object formation. The method 
clusters together videos that contain similar objects; here we combine an appearance 
model as well as a local optic-flow based Markov model into a single objective function 
defined over the video collection. Since the Markov model is local to a given video, the same 
object class can be in different movement patterns and yet still contribute to the 
development of the object class model. 

 

Learning objects from videos has traditionally been attempted in the form of fully-‐
supervised methods, relying on structure from motion or propagating belief by tracking 
during testing. Indeed, if the task is fully supervised and all video frames are fully 
annotated, no special methods are required, as each frame is itself a still image. As 
mentioned, however, generating labels is time consuming and requires expert human 
intervention; the problem only increases when faced with the multiple frames per second 
that occur in videos. 
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5. Related work 
Supervised methods that learn to recognize and segment objects in videos include methods 
that rely on structure from motion (Brostow et al., 2008; Ladick et al., 2010). These methods 
make assumptions about characteristics of the environment, and even camera angle, that do 
not readily generalize to real world datasets with unknown camera motion, lighting changes, 
poor or variable resolution; and moreover, they suffer from the laborious necessity of 
requiring human hand-‐ labeling. Typical supervised methods for video segmentation are 
interactive (Bai et al., 2009; Price et al., 2009), requiring input -‐-‐   again time consuming and 
potentially requiring some expertise -‐-‐ from users. 

 

Unsupervised video segmentation methods include motion segmentation (e.g., Malik & Shi 
1998), which cluster pixels in video using bottom-‐up motion cues; these purely bottom-‐up 
methods are highly susceptible to variable camera motion and lighting changes, and are 
unreliable in certain object motion settings (e.g., when the object starts and stops). Other 
methods require tracking regions or “keypoints” across frames (Brendel & Todorovic 2009; 
Brox & Malik 2010; Vasquez-‐ Reina et al., 2010), or formulate clustering objectives to group 
pixels from all frames using appearance and motion cues (Huang et al., 2009; Grundman et 
al., 2010).  (A model that overcomes some of these drawbacks (Lee, Kim, Grauman, 2011), 
is set up as a pipeline of arbitrary stages of processing, and its properties have been difficult 
to characterize.) None of these methods learn any foreground appearance model -‐-‐   i.e., a 
way of generatively characterizing the learned visual objects. 

 

Many approaches have used spatiotemporal feature matching to process video datasets, 
particularly for gesture recognition (e.g., Dollar et al., 2005; Laptev 2005; Niebles et al., 
2008; Willems et al.,2008). It is important to recognize that these methods typically do not 
generalize to object recognition, in the not-‐unusual case where there are irregular motions 
in a video (e.g., an object moving at uneven speed, or stopping and starting). Furthermore, 
learned spatiotemporal models typically cannot be used to recognize still images, since 
movement is integrally represented in the learned model. 

 

In contrast, we have taken an approach of simultaneous clustering and localization of 
objects in unlabeled videos via optimization of a single objective. The method uses both an 
appearance model and motion model as constraints in the search for object foregrounds in 
the videos. The learned appearance model operates on still images as well as on the videos 
from which it was acquired. 

 

 

6. Generative model for unsupervised object discovery in videos 
The figure below illustrates the generative video processing model. We are given a set of N 
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unlabeled videos z1,…, zN  with each video assumed to contain one of K objects in all of its 

frames.  Let the foreground object content in frame j of video i be described by .  The 
twofold objective is to separate the videos into K disjoint subsets (clusters) corresponding to 
the K object classes, and to localize the object within every frame of each video. 
 

 

2: Video Processing Model 

Let  denote the (unknown) foreground mask enclosing the object of   and the 

foreground mask for the entire video i is then xi , a sequence of random variables .  The 
foreground region corresponding to the mask for the frame is computed as the un-
normalized histogram 

 

of the visual words (quantized local visual features) that occur inside   (B represents the 

number of unique words in the visual codebook which, as usual, is learned from training 

images during an offline prior stage; more about this will be discussed later in 

“developmental learning”). The foreground content for the overall video is computed as the 

average of the content of the foreground regions in all its frames, i.e 

 
where  zi   is the number of frames in zi . 
 
For an object class k in a selected foreground of a frame, assume a multinomial gaussian 
distribution defined by parameters  corresponding to this object class (k) in 

this foreground. For members of that kth object class, the distributions H (zi , xi ) and 
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−1 

, i.e., the overall (average) foreground for the video, and the foregrounds in each of 

the constituent frames, are generated from a common model with parameters .   Let label 

l  ∈ {1,…, K } denote the unknown cluster label of video zi , which we assume to be drawn 

from a multinomial mixture with mixture coefficients π = { π1,…, π k } . Then for video zi with 

label li , its foreground histogram H (zi , xi ) is drawn from the normal distribution with 
mean and covariance µl  and Σ, so  

H (zi , xi ) � N µl , Σl. 

Reducing the number of parameters to be estimated we assume the covariance Σk of each 

cluster k to be diagonal: Σk  = diag (λk1,…, λkW )-1.  Finally, each video is assumed to have its 

own independent background model (defined by parameters θk  ) which can be left 
unresolved for the current object-discovery objective.  The figure below summarizes the 
above description of the generative model.   
 
We maximize the likelihood of the model by marginalizing over the labels, which we treat as 

hidden variables. I.e., our objective is to Mind parameters θ = {θ F , π } and foreground regions 
x = {x1,…, xn } to maximize: 

 
which can be expanded to 

 
This corresponds to a video extension of results showing a generative model for 
unsupervised object discovery in still images; the details appear in the accompanying article 
(Chandrashekar, Torresani & Granger, 2012). As in that work, we can maximize the 
proposed penalized likelihood via expectation maximization (EM), alternating between 
estimating the distribution over the cluster labels li for each video zi , and solving for the 
foreground models and locations. 

 
If we treat the frames of a video as still images, then the previous work (Chandrashekar et al., 
2012) has shown how the foreground can be localized in them. We have subsequently 
derived an extended method whereby not just the appearance model, but also the video’s 
optic-flow constraints, can limit the search for object foregrounds in video frames. Unlike the 
appearance model which is applied across videos in the dataset, the motion model is applied 
only within each video, ensuring that videos with very different motion signatures for the 
same objects can still contribute to the appearance model; i.e., the learned appearance model 
generalizes over different motion signatures. 
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Just as in our previous object recognition and localization methods, we can use two 
distinct methods for foregrounding: either rectangular bounding boxes, or bottom-‐up 
segmentation via superpixels. 

 
 

7. Developmental learning 
All of the methods described, as well as cited work from other labs that is referenced, contain 
a dependency on initialization, which can also be thought of as identifying and setting priors. 
For unsupervised learning, the initialization typically has a substantive impact on the quality 
of the final results. The parameters requiring initialization in our model are: mixture 
coefficients ( π k ); histogram means ( µk  ) and variances ( Σk ); and foreground masks for all 

video frames ( ). Our first versions of these models initialized foreground masks by 
matching all pairs of images, performing a co-segmentation, which is an expensive process. 
Even this step was used only for stills; it was dispensed with in the case of videos, in favor of 
using motion-‐based segmentation to get initial estimates of foreground masks. 

 
A new method has been developed to use large amounts of unlabeled data to automatically 
acquire approximations of priors. The method is generative and generates multiclass 
classifications (both as opposed to discriminative methods such as SVMs). 

 
The intuition is that of a “developmental” stage in which the system uses a specialized set of 
rules on masses of otherwise uninterpreted data, to generate an initial tree that will 
correspond to a large vocabulary of features and collections of features. These then will be 
used from then on, in what an be thought of as the subsequent “adult” phase of the system, 
for the tasks we have been studying (recognition, classification, localization).  The data 
structure acquired by the method is a hierarchy that contains information about vocabulary 
features and their relations to each other; it is termed a branching object-relation notation 
(BORN). 

 
These trees are intuitively related to “vocabulary trees” of the kind described by Nister & 
Stewenius (2006), for instance: tree structures that capture a vocabulary of image features 
in a hierarchical form obtained by recursive application of K---means.  We treat images as 
collections of objects, embedded in various settings. The objects are represented in the 
BORN structures which are constructed from very large collections of unlabeled images. 

 
If the task is image retrieval alone, low-level feature-based representations may suffice, but 
for tasks of recognition and localization, richer representations will be beneficial.  From a 
collection of unlabeled data (U) we identify object-‐like regions (via a published set of 
methods for images, and via those methods supplemented with optic flow information for 
videos). That collection of regions, O, is represented using simple bag-of-visual-words 
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(bovw) modeling, where h (o) is the histogram of features for object region o ∈ O . We 
recursively cluster this collection (similar to Nister & Stewenius 2006) by applying a 
gaussian mixture model on the dataset to organize the appearance based clusters in the 
form of a tree. 

 
At each node t of the BORN tree, we have a collection of object regions Ot .  We assume a 

generative framework in which h (ot ) is modeled as a random variable drawn from a 

gaussian distribution with parameters  i.e., the histogram is related to a 

normal multinomial gaussian:  
N  

where l ∈ {1,…, K } denotes the (unknown) cluster label of region o at node t in the tree. The 

label l is assumed to be drawn from a multinomial distribution with mixture parameters π = 

{ π 1,…, π K } .  

 

We again use the EM algorithm to maximize the likelihood of the model by marginalizing over 
the cluster labels; the likelihood function is: 

 

For each cluster, a new child node is created in the BORN tree under node t.  The cluster 
means and the variances ( ) for the child nodes are recorded and each cluster is further 
subdivided using the same process, continuing until a maximum allowed tree depth. The 
algorithm for producing the branching object-‐region notion tree is stated below: 
 



 

10 
Approved for public release; distribution unlimited. 

 
3: Branching object-recognition tree 

Once a BORN structure has been built from a large unlabeled dataset, we can use it to 
perform image retrieval. Every image in the retrieval dataset is encoded via the BORN tree. 
The similarity between a query image and an image in the database is determined by 
comparing the paths that are taken through the tree, by object regions from the images. 

 

Each object region in an image is first described as a histogram (using bag-‐of-‐
visual-‐words notation). Then the similarity between two images q and d can be 
computed: 

 
s (q, d ) = q  − d 

q d 
 

qi  = ni wi 
di  = mi wi 

N 
wi  = ln  

Ni 

 
where wi is the weight of each node i in the tree. The variables ni and mi are the number 
of descriptor vectors of the query and the database image respectively, with a path through 
node i in the tree. N is the total number of images in the database, and Ni is the number of 
images that have at least one object region passing through node i. 

 
Once a BORN tree has been constructed, subsequent learning, which corresponds to 
normal learning approaches such as learning label trees, can be thought of as “adult” 
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learning, using the results of the developmental creation of the BORN tree as setting 
priors for the adult stage (and thus substantially improving both learning rate and 
accuracy).  Our method for object detection and classification, described earlier (and in 
Chadrashekar and Granger 2012), can be modified to use the BORN representation, 
constructing a label tree as a subgraph of the BORN tree. 

 
Classifiers that learn labeled trees have been shown to be more efficient than typical 
approaches that learn 1-‐versus-‐rest classifiers, as well as reducing recognition time -‐-‐   
often to order log of the size of the learned labeled tree (Deng et al 2011; Bengio et al., 
2010). All such methods, however, perform splits of the data by supervised means, 
learning hyperplanes. In contrast, we introduced methods using unsupervised clustering 
and localization via maximization of a single likelihood objective (Chandrashekar & 
Granger 2012; Chandrashekar et al., 2012). In particular, we constructed labeled trees via 
purely unsupervised splits of the data, iteratively “purifying” the clusters according to 
whether the supervised labels, within the unsupervised clusters, were consistent. 
Combining the two methods above can be seen as providing a natural framework for 
performing joint recognition and localization to construct hierarchical representations; 
moreover, the method is generative and thus can be used for multiclass classification. 

 

The constructed labeled tree, as a subset of the BORN tree, contains only nodes where N t  

> 0 , i.e., all nodes in the BORN tree through which labeled training data has traversed. 
Thus the primary task for adult learning is at each node t, the labeled data is to be divided 
into K clusters. This is accomplished by performing a generative clustering and 
foreground localization task by maximizing the objective function speciMied in 
Chandrashekar, Torresani & Granger (2012). The clusters created are treated as child 
nodes of BORN tree nodes, with gaussian foreground parameters stored at the branch. We 
then examine each cluster to see if it needs to be further split, via an algorithm very 
similar to that described earlier for the CSL algorithm: 
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4: Constructed labeled tree algorithm 

 

 
The process of building BORN representations developmentally, and using them for 
embedding labeled trees in subsequent adult learning, is illustrated here: 

 
5: BORN representation 

In sum, this has been an initial proof of principle effort to investigate new approaches to 
processing images, with an emphasis on moving images. Little prior work has been done on 
the processing of purely unlabeled images, let alone unlabeled video images, despite the fact 
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that the task of labeling data is among the most expensive (human-‐intensive) components of 
image processing. We studied the development of novel methods for visual processing of 
images and moving scenes. The work has substantially exceeded the initial proof of 
principle aims: we have developed novel algorithms for object recognition and localization 
in both still images and in videos, and have carried out initial evaluations comparing the 
new methods with previous approaches in the literature. The results have been highly 
promising and already have led to two publications (as well as a review paper). Ongoing 
work is aimed at extending the initial findings to include a suite of advanced approaches to 
the task of processing time-‐varying images. 
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Although brar. c:i"cUts presumably carry out powerfU perceptual algorithms, lew ins-tances 
of derived biological me thods have been lounc:l to compete favorably against algorithms 
that have been engineered for specific applications. We forwafd a novel analysis o f a subset 
of fl.rlctioM of cortical-subcortical loops, \Nhid'l constitute more than 80% o f the human 
brain, thus likely underlying a broad range of coglitive fLnCtions. We describe a family of 
opera6ons perbmecl by the derived method,. includng a OCII'\-Stanc:lard method for super­
vised classifteation. \Nhich may U"'dErie some fo rms o f eoftically dependent associative 
learning. The nowl supervised d assifier is compared against widely used aJgori:thrns for 
classification. inch..dng support vector mac:tWies (SVM) and k~earest neijghbof methods. 
achieving OOfTespondrg dassifteation ra tes - et a fraction of the time and Sp;Kle costs. 
This represents an instanoe of a biologically derived algorittm ~ing Ca\101'8bly against 
widely used machine learni"lg methods on welhstudied tasks.. 

IC.ywordc biologUd a.&t ~~~¥rid IIIOdlol noi"'--t. ...... ~ 

1. INTRODUCTION 
DIStinct brain clrrolt designs exhbll different funcuons In hwn:an 
(md otbet :animal) bn ins. P:lrtiCUI:uly not:abll' :att studies of tbe 
b:w.l ga.nglb (Slrt:21.21 complex). whlcb h:n~ urlved at closdy­
rebttd hypotheses. from lndtpendmt bboratortes. that tbe $f5lem 
carrtes out a fOrm of relniOrttment k:amlng (Sutton :and Barto. 
1990; Schu!lz et al., 1997; Schuh1. 2002; D:aw, 2003; O'Doherty 
et :al, 2003; D:zw and Doya. 2006); despite on~g differences 
Ln 1tbe p:utlcubrs of these approaches. their <Wetall findings m 
w r.prtslngly conc:ocd1nt. COfrespoodlngto 2 Sllll-nre lrut:mce of 
comergmt hypotbE'ses or the compubUons produc:«< by 2 p:utlc: • 
utar brain drcuJL Models of tbilamococtlal circuitry haw: not yrt 
comt'fJE'd to fanaJonal hypotheses th:ll are as widely :~gll'«<-on. 
bUl$e\~r.al different~ nonetheleu hypothesize the :ablJ. 
Lty or thalamocortiCal ctrrolts to perform unsupen·ISE'd k2mfng. 
dtscow:rtng Slructutt In d:au ( Lee and Mwni>rd, 2003; Rodrlgua 
et :a.l., 200S; Gnnger. 2006; Goorae and Hawtlru, 2009). Yet tb21· 
arnocorual and strl:lUJ systi'ms do not typtc:alty act In ISobUon; 
they :att tlsfltty connocted In cortJco.sU11121 1oops such tb2t vLrtu· 
:ally each coctlal am Lnte:racu wltb coNl'Spondtng strl:lW regiOns 
(Kemp and Powell. 197i: Ale:under and Delong.l985; McCeorae 
and Faull. 1988). The teruhlng cortJco.sLIUlal loops consutut.e 
nnre th:an 80% of hwn:an bratn drroltry (Stepbm et :aJ •• 1910. 
1981; Ste:pban. 1972). supung th:n tbelr oper2Lton pro\'ldes the 
undetplnnltlf9 or a very broad range of cognlllve fu.ncUons. 

We fOrward a new hypothesiS of the lntet'Xllon between cor· 
Ua l and str1atal clmllts. rurylng O'Ol a h)brtd of umupen·ISE'd 
hlemcblc:al k:amlng and relnfo«emertt. togrtbet ubtevlng a 
cor.tJaNUI:lW loop ilplthm tb2t petfocms 2 numbet of diS· 
lind operations of compui2Ltonal uUllty, Including supen·ISE'd 
and wuupervtsed dassLfauon. sean:h. cb}t'ct and fnure loa!· 
lntton. :and htermhlal memory org:mtzatlon. For parposes of 

_ ,.., ........ 0'9 

the present paper we focus predominantly on the parUculu wk: 
of supen·ISE'd learning. 

TradiUonal supen·ISE'd k2mfng methods typtcalty ldenury cbs.s 
boundaries by focusing prtmartly on thedass bbds. wbef\'1S 'OlUU· 

pervtsed mctbods dtscow:r slmlbrlty Slractatt oc:currlng wtlhln a 
dataset: two distinct WkJ wtth sepmrte goaJs. typlc:lDy carrkd out 
by dtsllnct :algocttbmle approaches. 

Wldety tiSE'd SllpetYISed d:w.lfiers such :as wppoct \tttor 
machines M.pnlt, 1995), superv!SE'd neu1"2l netW'Ot'b (Bishop. 
1996). and deciSion trees (Btelman et 11 .. 1984; Bunune. 1992), m 
$CK:IIkd dlsctlmtnath~ models. whiCh Jearn sep:lt'2tocs between 
cat~lesof s:ample data without k>::amlngtbe data Ltself.:and with· 
out JUumfn:utng the slm.Oully structure Wlthln tbe dab SEt being 
clusrtied. 

The cortlc:o-Slf11l21 loop (CSL) :algortthm presented hett IS 
• gener.ut~ ·LL. It ts In the ategory of ilplthms that models d:au 
occurring wtthln e:acb presented d:w.. r.ubet than seeking solely 
to ldenury dtffetenca between the cbssa (:as would 2 "dlscrtml· 
n:IIIYe" mctbod). Generatm: models are oftm Wen as performing 
excessive wock: In cua where the only point Ls to distinguiSh 
among labeled cbs.s.es (Ng and Jordan. 2002). 1'be: CSL mctbod 
may thus be uten :as carrying out mort wts than clu.sllic:atiOn., 
whiCh we lndetd wiJI S« It does. Nonrt.hdess, we obserYe the 
behaVIOr of the :algocttbm Ln the task: or cbs.slfic:atlon .• and com­
p:tte It :lplnst d!Scrtmln:at!Ye clusUiers such :as s:apport voctors. 
and find tb2t even In lhLs m trlcted (lbousfl w:ry wlddy used) 
domain or :appliCation. the CSL method achieves compar;able cbs· 
Slfic:atlon u dtscr1mlmtlw: models. and ases fu kss compauuonal 
cost to do so. despite carrying oot the addltton:al work ent21kd In 
gmetath~ le:tming. 

The 2ppfOXh combines the two distinct tub of umupervtsed 
clusdic:atiOn and reLnfoccement. prodt!Cing:a nm'd method for yrt 
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another task: that of $llpetY'Ised le:atnlng. The new method lden· 
tlfia wpen·ISE'd dass bmmdarles. as a byproduct of uncovering 
$UUCI:Ure In the lnpat space th:ll Ill LDdeptOOent of the super­
v~ bbels. lt perbms solely Utl$llpen·ISE'd spillS of the datalnto 
$1mlbrtty-b:ued dustm. The conslltuertts of each $llbduster are 
cbe<:ked to see whether Of not they 211 belong to the $:Ulle Lntm:kd 
wpuviSed c:zttgory. lf noc. the 21gofltbm males :mot.ber on.su­
peiNLsed sp1lt of the clwter Into Slixtusters.Ltttati'Ycly deepening 
the d:w trt'E:. The proc:es.1 repe:au ontll :all dustets contain only (or 
largely) members of a single sapetYised d:w. The reru1t Ls the con­
a rucuon of a hierarchy of mostly miXed das.ses. wtth the leaves of 
the trt'E: being "pure" categories. Le., tbose whose mmtbets contain 
only (Of mostly) a single shared supervtsed du.s label. 

Some key cbar:acletlslla of the mE'lbod are worth noung. 

• Only unsuperviSed sp1tt.s are performed, $0 clwters :llw2ys 
mnuJn onty members that are similar to e:acb other. 

• ln the case of slml1ar-looklng data that belong to dllltlnct super· 
Y~Lsed cateples (e.g. slm!lu-kdJng terrains. one ln dlng to 
d:al9t and one to $dety), tbese ebb Will consLitute a dlffi· 
mit diScrlmln:atJon; Le .• they wtJI m lde ne2r the boondary th2t 
paru uons the $J>:lCe Into s:aperviSed d:wa. 

• ln cases of slmllu cbl2 wltb dUfetmt cbs.s bbds.LL. dlfficuh 
diS«Imlnatlon.s. the metbod wiD lltely petfocm a suc:ceuloo 
d unsuperviSed spillS before h:lppetllng on one th2t sp1lts the 
danQei'O'aS terrains Lnto a $tp:atate c:at£gOt"y from the safe OnE'$. 

In •otbet words. the metbod wtU expend more effort In a..ses of 
dlllicu1t diScrlmln:atJons.. (ThLs ch:nclefLstlc Ill reminiScent of the 
miXbanLsm of $llppOfl \'E'Qors, which IdentifY tbose wctocs near 
the Intended putltlon boondary. :auemptlngto pbce the boondary 
$0 .as to mulmtt.e the diSL.mce from those Y«tors to the bound· 
ary.) Moreover. In conu:ut to st!petY'Ised methods that provide 
expensh't', deblkd error ftt&xk at each trabl:lng step (lnsLruct • 
Lng: the mE'lbod u to wbleb wpen·ISE'd category the lnpat should 
have been placed In), the present metbod usa feedback th:n IS 
compat:liiYely fu more Inexpensive, conslsUng of a single blt at 
each tt21nlng step. telling the method wbctbe:r or not an unsuper· 
v~ duster IS yet .. pure"; If $Go the method stops lOr that node; If 
not. the method performs furt.ber WlSUpervLsed splitS. 

Thill doc~tl\'dy Wlple m«bmlsm nOl only produces a super· 
v~ cl:wllie:r. but also uncovers the $1mll2rtty stracta.re embed· 
ded In the dawet.. whiCh compeung supervtsed methods do noc. 
Desptt.e the &ct th2t compeUngalgoctthms (such u SVM and Knn) 
Wtte ~ed expm.1ly to obuln mUimum aa:utX)' :11 super· 
v~ d:wlfiallon. we present findings lndb tlng that even on 
thi:S ust. the CSL 21gocltbm achle\U compmble :~CCUrxy, whlk 
reqtllttng slgnUiantly Jess compatatlon:al resotlt'Ct' c:osl 

ln sum. the CSL :llgorlthm. deth'E'd from the Jnteracuon of 
cor.tJaNUiatal loops. petfocms :an onortbodox mE'lbod th:ll rlnls 
the best standard methods In d:w.lfinUOn effic:acy, yet does so In 
a firxtlon of the time and spxe reqtllred by compeung methods. 

2. CORTICO-STRIATAl LOOPS 
1'hoe b:as:al ganglb (striatal complex), present Ln ttptlles u well u 
Ln mammaJs. IS thought to c:arry out some fOnn of reln!Orcanent 
lnmtng. a hypot.be$Ls shared across a number ofb bot11orles (Sot· 
ton and Barto, 199(); Sdralttet :al.,I991;Scbultz. 2002; D:zw,2003; 

O'Doherty et 21 .• 2003; D:aw :1.nd Oort. 2006). The actual neur.al 
I.'DOCbanLsms proposecl lnvolw: :acuon sdoctlon througb a mal· 
miUUon of the COfrespondlng rew:l!d esumate lOr the :acuon on 
the task (see Brownet a, 1999:Gumeyet :ai.,200I; Dawand [)oyJ.. 
2006; l.d!loiS et :aJ •• 2006; Hout et a, 2001 i>r a r.lll8t' of vieWs on 
action sdoctloo). ThiS reW'Ud a tlm:atJon occurs Ln most models 
of the strl:atwn throtJgb the regab:tlon of the output of the nruto· 
transmlttet dopamine. Tbere!Ore, ln compul2llon:ll terms we can 
charxtef'tle the functJon:altty of the sulawn :as an abstract se:udl 
throtJgb the $J>:lCe of pos.1lble :acuons. gulded by dopmllnetglc 
f«<<>::ck. 

The neocortex and thal:amocorucal loops are thought to hier· 
uchkalty organize complex fact and event lnfomt2llon. a hypoth· 
esls shared by mt!ltlple researchers ( l..tt and Mumfocd. 2003; 
Rod11gUexet :a.l •• 2004; Gr.l.fl8er, 2006; George and H:rwtln.S, 2009). 

For tnsuna, ln Rodrigue: et 21. (2004) the an:ttomlally r«og· 
n.I'IA'd ·core" and "nntttx"' subclrc:ults are hypot.beslled to carry 
out focms of uns:aperviSed hJeruchlc:ll ategortuuon of static 
and tlme-varylng$1gtUh; and ln Lee and MumfOrd (200l).Ceof&\' 
and H:lWtlns (2009). Riesenhuber and Pogglo (1999), and Ullm:an 
(2006) and many others. hypotheses m fOC'Wll.tded of bow cortl· 
cal d rcults may consLruct c:ompauuonal hle:ruchles; these Sludles 
from dUJermt labs propose related hypotheses of thalamocortiCal 
clrcults performing bler2rchlnl catepi.UUOn. 

lt Ls Widely accqrted th:ll these two prtmary telenctph211c Slruc • 
totes. cortex and strl:ttam, do not act In ISob llon In the brain; 
they wort ln tight coordln2Uon wltb e:acb other (Kemp and Pow· 
ell. 1911; Alennder and J:>rtl..oog. 198S; McCeof&\' and Faull. 
1988). The tlbtqulty of thiS repeated architecture (Stephan et al.. 
1 ~ 1981; Stephan. 19n) $llf§leSU th:n cortlo:Htrl:ll:ll d rcultry 
undediE'S a very bro:ad r.angt' of cognlth~ functions. In partiCUlar. 
u IS of lntetl'$t to determine bow semantiC cortlc:d tn!Orma­
tlon could provide t.-down constn.lnts on otberwtse too-broad 
$t"Uch during (Slf12l21) relnfocc:ement learning (Craf9C, 2011). 
In the present p:zper we a tldy thiS Lnteracuon Ln terms of subsets 
of the k>:adlng exbnt compouuon:al hypotheses of the two com­
ponents: thalamocortiCal circuits fOf unsupen·ISE'd le:atnlng :and 
the bu2l gangiWstrlrul complex fOf reinforcement of m:ttcbes 
and mismatches. If these bottom-up :tnilys.es of cortlc:ll and strl· 
:lUI funcuoo ue ulen sertousty, 11 IS of lntetat to andy what 
I.'DOCbanLsms may emerge from the Jnter;acl:lon of the two moch· 
:tnJsms whm eng:l8E'd In (an:atomk:llty prev:llmt) cortlco·Slrlatal 
loops.. We adopt Slr:dsfltbw.ud and tl":lCC::Ne simplifications of 
these models. to study the oper:lUons th:n ariSe when the two 
are lntenctlng. Flgun 1 IDtJStr.ates a hypot.besiS of the func • 
tiOMI lntetxtlon between unsuperviSed hletmhkal ctustertng 
(ubc; cortex) and matcb-mLsm:lleh reln!Orttmmt (mm; str1atal 
complex). consutuung the Integrated mecb:tnlsm propoM'd here. 

The Interactions In the Wlp1Uied :llgottthm ue modeled In 
p:ut on mochanlllms ootllned In Granger (2006): a srmp11fied 
model of th:llamocortlc:al drculb prodt!Ces umupervlsed dus· 
ters of the Input ebb; then, In the O L model, the rerult of the 
clostertng. :dong with the corresponding supetVISed l:abds. are 
examined by a $lmplllied model of the strl:lUJ compJex. The full 
compultllon:al models of the th:lbmocortlc:ll hle:ruchlc:ll dus· 
tertng and sequencing drcult and strl:wJ tt:lniOrcement -kamfng 
clrcull yield tnte:racUons th:d are uDder ongoing study, and wiD, II 
Ls hoped, le:ad to furt.ber dertvatlon of addiUoml algoclthms. For 
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FIGURE t I S'irnplif* ~of tt. f«<IP'UUio• of 
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k:mor CA~ b ~llgr:nocf51rism il~ drlo;opor'l$1ba~ 
no bya•ng 5lbdll!:!ors<o.g.. ~~ill tho ~;lt$:$o;, 
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1ho ~ ncdos of tho U!GllporWod tJQO OM=f) tri( ~ morTtiors of 
a sirlgko bbolt CS.IIaXII. 

the present p:lpef. we ti.W j'ast small subsets of the hypotllestt.td 
functions of these $UUCI:Uttt Uely the trypotbeslztd hlemchle:al 
clustertng fu.ncUon of the: thab:mocortlc::al circuit, and a very· 
redoced subset of the relnfO«ement·leamlng cap:tbiJIUes of the 
aru t21 complex. $.liCb that It does nothing more th:m compur 
(match I mtsmatch) the: contents of a proposE'd attgory. and 
rebltn a slngk bit corresponding to wbe:tbe:r the contmt.s 211 ha\~ 
been l:abeled as "matching" ~cb other ( 1) or not (0). ThiS very· 
redoced RL I."DE'ChmiSm c:m be tbougbt oC $Imply u te'W2t'dlng 
or punishing a category based on Its consutuents. ln partle:U· 
lar the propcoo:l $1mpll6ed strbbl m«bmlsm returns a slngk 
bll (conocVlnc:ocrect) denoting whether the members of a ghm 
unsuperv!SE'd duster aU correspond to the: same supervtsed .. label" 
If ooc, the: $)'Sle:m trtums a "no"("'--") to the umuperviSed duster· 
lng mechanism, which In tum ltetates m~r the cluslet prodtJCing 
anotbet, sLID on.supervbed, set of subclusten of the · Impure" 
cluster. The proceu continues until each unsupervtsed sOOctusw 
conbln.S members only (or mosdy,ln a variant of the: 2lgot1tbm) 
of :1 single ategory label. 

ln $tlm. the mecbmlsm uses only uns.upen·ISE'd ategortzatton 
operatiOns. together wtth category membenhlp tests. These two 
mechantsms teruh In the: e\'enlual lter2ll~ arrl\'21 at categories 
wh.nw memben can be c:onsldered ln terms oC superviSed cbs.ses. 

Since only unsuperviSed splitS are perfOrmed, cat£got"les (dus· 
ttn) 2lW'lys conuJn only memben th2t m $1mll:ar to each other. 
11w tttt may genmte multfple terminal le:1ves corresponding to 
a gl\Yn da.ss label; ln such cases. the: distinct k2ws COfrespond 
to d lulm.Ou dass ~tes. eventually putiUoned Into diS· 
tinct le:af nodes. The mechanism em h:lft C'2pldly lf au $Upen·ISE'd 
cla.sses correspond to $lmllartty·b:wd dusters: Le., lf cbss labels 

_,.., ........ 0'9 

are readUy p«dlcuble from their appearmcL Thts CO«l'$ponds 
to an ·easy" diS«ImlnatiOn tast. When thiS IS not the case, I.e., In 
lnst:mces wbe:re slm.Ou-lootlng data belong to dllfetmt labeled 
categories (e.g.,$lmllar mushrooms. some o:ltble and some pots~> 
nous), the mechanism wtU be tt1(!:8E':red to $0CCes.1h'dy subdiVIde 
clt!Slers Into subctasters. as tbougb seateblng lOr thech:nctetlstlcs 
that eff«llvdy $epUate the: members oC different bbe:ls. 

In other words. Jess W'Ofk IS done for "easy" dtsct1mlnatl0ns; 
:md only wbe:n tbe:re are dtfficult diScrtmlnatJons will the mech· 
:mJsm perform additiOnal steps. The tttt bocoma lnttlrule:llly 
unb:dmctd as a function of the lumpiness of the data: bf:mcbes 
of the: tttt are onty deepened tn regiOns of the: space wbe:re the 
dtsct1mlnatl0ns are dlfficufl.. Le., wbe:re memben o{ two Of more 
dtsuna $llpetV'Ised c:zttgoctes are dose to each other tn the lnpat 
~-ThiS property Ls remJnJsant of support Vt'dor;s. whiCh lden· 
tlfy boundarta In the ttgloo wbe:re two cat£g0fles m ci06Gt (and 
thus wbe:re the most dlfficuft diScrtmlnatJons occu.r). 

A final salient fezture of the I."DE'Chmlsm. IS Its coSL In con· 
trast to superviSed methods. whiCh provide dctalkd. expensh~ 
error feedback 2l each training $lef) (telling the system not only 
when a mlscbs.slficauon has been made but mo e:uc:Uy whiCh cbs.s 
mould haw oc:cumd), the present mctbod usa feedback that by 
compariSOn IS extremely tnexpenslw,constsung of a Single btl. cor· 
responding to eltbet "pure" or "lmpa.re:• dustets. For pure dusters. 
the: method halts; lOr lmpure clt!Slets. the mechaniSm proc:eeds to 
deepen the hier.uchle:IJ tree. 

As mentiOned. the mctbod IS genm uw. :md arrtves at rtch 
models of the: k2med lnpat dab. lt also produces mu1llcbs.s 
partiUonlng as a rutural consequence of Its operation, unl.lke 
dtsct1mlnatlw: superviSed methods which m Inherently binary, 
reqtllttng atr:a m«banlsms to oper:ate on m'llhlple dasses. 

Over:!D, this decepUw:ly $1mple mechanism not only prodtJCeS 
a supen·ISE'd dasslfiet, bat 2lso tlllCO'IetS the: $1mll:artty structure 
el"'lbedded ln the dataset. whiCh comprtlng$0.pen·ISE'd methods do 
not. The tetmln:d mes of the tree pro\'lde fin:d cbss ln!Ormatton., 
whereas the Internal nodes provide l'wtbet ln!Ormatloo.: they m 
ml:ud cat£g0fles corresponding to meu labels (e.g..s:aperordln2le 
categories; these also can provide ln!Ormatloo abotll which classes 
are lltely to become confused with one :motbe:r during testing. 

In the nat SE'Cllon we proVIde :m algorllbm lh2t trtalns func. 
UoMI equtn lence wltb the bl.oJogbl model for supervtsed le:atn· 
lng described :above whlk 3bstr:actlng otll the ImplementatiOn 
det:llls of the th11amocorucal :md striatal Clrtultry. Slmpllfylng 
the: lmplemenuuon enables ln\UUpllon of the algottthmlc prop· 
ertles of the model Independent of Its lmplement2llon deta.Os 
(Marr, 1980). It also. Importantly, aiJows us to test our model on 
re:d·wodd dab and compue dlroctly ag:dnst st:mdatd machine 
lnmlng methods. Using actu:d th21amocortlal cltrullt)' to per· 
!Orm the uns:apetV'Ised data clwte:rtng and the I."DE'Chmlsm. for 
the: basal p n8fla to proVIde relnfomment feedback. woold be 
:m lnte:resttng tast lOr the diStinct go:ll of lmu tlptlng potmtl:ll 
lmplemml2llon-Jevel predictiOns; this holds substant12l potmtl:ll 
lOr fututt rese:~.rch. 

We emphas.tu: that our focus IS to ti.W exLsUng hypotheses oC 
telenceph:d.lc component functiOn already poSited ln the lttet:ltllre; 
these m«bmiSms k:ad w to spoclfially propose a novel mE'lbod 
by whlcb $llpetV'Ised le:arnlng IS achtewd by the unlltdy I'Oilte o{ 
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comblnlng utl$llpen·tSE'd k:amfng wltb relnforcemmt.. ThiS t lnd 
of compat:ltlonal-le\'d absuxuon :and analysiS of biOlogiCal m tl· 
ues continues In the tr.adttiOn of awry prtor worts. Including 
Surt and Sdlult:t (2001), Schultz (2002), O:aw :md Doy:a (2006), 
Lee and Mumi>rd (2003), Rodrtgua et al. (2004), Georg\' :and 
H1Wtlru (2009), Mm (1980). Rlesenhubet and 1\)ggto ( 1999), 
UI!JMn (2006), :and awry others. 

1 SIMPURED ALGORITIIM 
In our almpllfied algortthm. we refer to a method wbleh we 
term PARTfTJON, corresponding to any of a f.unlly of ctuster­
lng methods. lntmdl'd to apt'Ot£ the clustering functJOtullly oC 
tb:lllmocortlc:al loops u described In tbe previous $ttllons; :and 
we reFer to a method we term SUBDNIDE. corresponding to 
any of a family oC simple reinforcement methods. Intended to 
captute tbe relnli:lrcemmt -k1mlng funcUonaltty of the basal pn· 
glb/att'latal complex u described ln tbe prevtoos K'CtiOns. These 
opt>nte together In an lttt111Ye loop corresponding 10 cortle~ 
arbtlal (dustet~lnli:lrcement) lnter.acuon: SUBDIVIDE cbects 
for the "'termiMllng" condiUoru oC the lter.rtlw: loop by e:umln· 
lng the labels ofthe constltuenu of a glml clt!Sl.er and returning 
a r..rue or faht mponse. The resuJung tn.lnlng method buUds :a 
tree of atego!tes whkb, as wtU be wm. h:as tbe eff«t of per· 
formlng aupervbed Je:unlng oC the d :wes. The leaves of the tttt 
contain dass labels; the lntennedl:att nc:dl's mayc:ont21n members 
of cl:wes wltb different labels. Doting tt.sung. the tree 111 tt'2YE':rwd 
to dluln the l:abd predlc:tJon !Or the new samples. Eacb cbt:u:am­
ple-(bdooglngtooneof K bbeledd :wes) ~represented auV«ttr 
x e R'". Duttng tr:~.lntng.e:acb such vector xt bas a conespoodlng 
l:abel 11 E 1 • •• • K. (The aubsequent ·Experiments" section below 
desctlbes the methods used 10 tnnsform r.~w data such u n:at· 
ural Images lnto w:ctor representaLIOns In a domain-dependent 
( .... Jon.) 

11M TRAINING 
Thoe lnpotiO the training procedure ~ the training cbtaset conSist· 
lngof (x1,y1) pates whuextts an Input w:ctor :md y11S llSintendl'd 
cl:a.u l:abel, u ln :aD aupefY'Ised Je:unlng methods.. The ootput ~ a 
tree tb:atlll bunt by performlng a wcceuton of on.supervbed $pitts 
of the cbt2. The cbt2 corrt.Spondlng to :my g!w:n node In the ttre 
~ a s:absd of tbe orlgln:al tr:llnlng dataset wllb tbe fuU cbtaset cor· 
responding to the root of tbe tttt. The xtloo performed wllb tbe 
dan:a :at a node In tbe tttt ts :an on.supervbed $pllt, thereby gmer:at· 
lng almJJully·b:lsed clnste:B (subc:lt!Sl.eB) of the cbl2 wllbln tb2t 
tree node. The u.nsuperv!St'd split results ln e:qnnslon (drepenlngl 
of the tree :at tb:at node, wltb the child nodes c:ocrespondlng to the 
newly created on.supervbed d:ll2 clwte:rs. The duster repmen· 
tatlons corresponding to the children :are recorded In the 01rrmt 
node. 1'brse represent:a.tiOns are used to detmnlne tbe Joc:al br:anch 
tb:.t will be t:a.ten from this node dwtng testing. In order to obbln 
a dlass p«dlctloo on a new a:ample. For ncb of the new chUdren 
nodes. the J:abela oC the $:1mpks Within the clustet m a:amlnt'd. 
and tfthey:aredemled 10 be$Qffictentlypure, I.E':., a $01fident per· 
ceotage of tbe d:at:a belong to tbe $0ltne cl:ass. tbm tbe cbUd node 
becomes a (te:rmlml) lnf In the tree. If noc. the node Ill :1.d00:1 
to :a qoeoe wbleh wtU be sWjecttd to futtber proc:n.1lng. growing 
the ttre. This queue ~ lniUallltd wttb the toOl of the tree. The 

procedure (sketched In Algotttbm 1 below) procttds untU tbe 
queue bocoma empty. 

lb aurrurwtt.e the mecb:antsm. the <llgorlthm :1.ttempts to find 
clt!Sl.eB b:aSE'd on appearmc:e atm.Oully, and when these d uste:rs 
don't m:lleb wltb tbe Intended (supen·ISE'd) categorta. relnli:lrce­
mmt $Imply gl\U the <llgorlthm the blmry comm:and to either 
$pllt or not split the errmt duslet. Tbe beb:rvJor of the aliJ)rtthm 
on sample data IS lltustt'2ltd In Flpte 2. The lnput$p:!.Ce oflmges 
~ p:arttuoned by aucasslvely $pl1Uing the corresponding tt21nlng 
$01.mpks Into aubc:lnste:B 2t each step. 

11.1. l'it-tilfl ••tifit••dl•ct• 
Since the main fttt p:ar:amete:r In the algorlthm ~ the nwnbec 
of u.nsuperv!St'd duslets to be sp:awned from any glm~. node In 
the btemcby. the Impact of tb:u pu:amrter on the pecfonn:a.nc:e 
of the <llgorlthm should be studied. Thts qw.ntlty corrt.Sponds 
to the br:anchlng f.actof foe the cl:a.u tttt. We lnltlilly propose :a 
$Ingle par;ameter as an upper bound lOr the branch f.actor: ~. 
wbkb fixes the l:argest number of branches that a n be ap:nmE'd 
from any node Ln the tree. Through expectmmb tlon (diScussed 
Ln the Rerults .section) we b2Ye determined that (I) very sm:ID Y21· 
ues for this par;amew res:aft In sUgbUy lower predictiOn :ICCU!X)'> 

l.nput: Otl:'~~·t: X - J;r< ~ J'M) with. !al;x: J:., 
'V- (?,·. r.: { 1 , 2 , :.~.XJ) 

Outpul~ Clo"'! !> liff: A tltt l'OCIC'\.i <'It tbe no..ie 
l'Root 

{1\it! TF:oot.X - X. l'Root.Y - \'; TlWot l~l>-:-Js ­

l.AllELSET(Y) 
Q lJ; A.:.d (Q. TRoot) .. 
~o,·hlle Q is n;.~t ;:mpr~· do 

qn = firs t node in Q 
ir SUBDJVI!)£(X~,. 1'~ .. > = Jr~.~: thOI!•t 

(Ccnt roi..is. Clu~lcts) = P.-\RTITION (X,:'" 
K•) 
((Jll?.3dl GoiSUr ri;1 do 

N"x.l"' T 
T.X = Clu:<~n>..!':lk ) 
T.ln~l:, = t ASET,SET(Y(T.X)) 
rln.Rrnrll"h .. :-.lk) - <:l"nhlidl'ljk I 
l.lu,Chil:.lrl·lllkl = T 
Ad~<Q. 1~· 

tnd 

'"" ~nd 

Algorittlnt t 1 A sblltl d 1bo est kiArring algcritm ThJ ~lhcd 
CG~!:IrUCtS a mw. ell~ ttoo, whit\r-e~ wucra;ro...wthn 
1botbt:l, liiSWG!Ia$ ~a~ 10 podormeW ~~on rood 
AT~Ffos, tho fuldiorlllni'IOd ~RTifiON dlo~>C~U~s ;n U15~ 
cbnori"!l .algcri!ml. Wictt oara irt princi~ bo a"t' ol a t..Tafy ol ~11!1 
~: S4loc6ora for !his algcrittmlW dlo$CIIl*boar ft lbJ 11a0ct.lho 
Slbn:ltJ!il$ st/SOMO£ dor.l;rtn• i lbo tbt:l .x a IIW rodlo QP Ill bcabng 
10 the $iii!'IO d:Gs or 110t.lf h drta oorr. fto':n rr..~ dilzo5,. 
st/SOMO£ t CIII.mS I!W .:nf ~tho. Soo ..... iorful1bar 
ck<:$criplion ol tho ~ ol tho lllgorilbm. 
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FIGURE 2 1A~ ••mion ottt.~ .. ~ .,.-.nth 
~ d~ lrnilgCIII.litO SUOCCI~~ spkii!IOI!t'IO p:il'1i!iorl$ in .lin 

-~ fa-.hion li.o.. by similarit)t.lho p:rilicrl~ d dna ~ 

(II) for suffic:lemty large n ines. the p:nmuer setting bas no~­
ntfic:mt lmpxt on the petfomuna efficacy of the classUie:r. and 
(llf) latgl.'f valnes of the p:nm.E'Iet rnodesUy lncre.ue the memory 

_,.., ........ 0'9 

ilor.IMy uril tho d~ws bmoad'" puro Wlh r~poct to thoi' ~ For 
o:dls~lt. onoibr :siiJ db ciWclngbyporpl;lno. tho ti'IN"'S ;ro shown .:a 
litiO/OII;ayd tho inJgrosdwt &alcr~b ~sitooftho~no. 

reqtJJrements of the clt!Sl.ertng 2fgorlthm and tlra$ the runume of 
the learning stage (see the Rat!hs soctiOn below for furt.be:r dctaJO. 
(lt Is worth noung t.b2t selectlon of the best brmch f.actof valne 
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m:ry be olnlned by e:amlru.tiOn of the diStl1buUon or the dau 
to be put!Uoned tn the Input sp~ enabling :wtom:rtlc selection 
of the lde:al number of unsuperv!SE'd clt!Slers wtthoul refermc:e 
to !lbe ntsmbet or dtstlnct bbded dwes that occur In the $J>:lCe. 
Pu:ture work m:ry enbd the study of ex.ISUng methods for lhls 
approub, B:lron :and Co¥et. 1991; 'Thb rt at, 2004. as potential 
adJimCl lmPfO"mlertU to the CSL mctbod.) 

u.. TREE PllliiN: 
C:JlegoctntiOn algorithms are often sub,IOCt to overlitung the d:ua. 
~of theCSL algorithm can be form:aDycompmd to those 
of dectslon trees. which are rub}OCt to ovecfittlng. 

Unlike deciSion tttts. the d:wa represented 2l the k>2va of the 
CSL tree netd not be tqptded as con]lmCUons of :atUibate n ines 
on the p2lh from the root. and c:an be tre:ated as fully represented 
classes by thei."R:Sehu . ( \ole tdet to thts :as the "''eaf Independence" 
property of the trte; thiS property wtJI be tiSE'd when we describe 
tesllng of the <lfgorlthm tn the next socuon.) Also. since the $pllts 
ue unsupen·ISE'd and based on multidimenSional slmtlatlty (also 
unl ike deciSion trees), they exhlbtt robustnes.1 w.r.L Y'Ub.nc:a In 
$10 :1!1 sWsets or featlf'E'S wllbJn a dass. 

Both or t.bE'se charactttiSUa (k:af Independence and u.nsuper· 
v~ spUttlngl throretlellly le:ad to predk Uons of Jess ovecfittlng 
of the method. 

ln addltlon to these !Ormal obsern uons. we studied mufit • 
ttna In the O L mctbod emptrtcalty. Aru.Jogpusly to deciSion trees. 
we rould choose ellbe:r to stop growing the tttt befOre :aD Je:aves 
wen perfE'Clly pure (and potentially ovecfit), or to b'OIJd a full 
tree and then $001£Wb2l prune It bact. Both methods lmPfO"~ 
the overlilung problem obserwd Ln dociSion tttts. Experiments 
wltb both methods In the CSL <lfgorlthm fo'Olld tb:u nellber one 
bad a slgnUicant effect on prediCtion XCU!X)'. Thns,$W'priSingly. 
both tbooreUc:d and emplrlc:d studies find that the CSL d:w trees 
gmuallle wdl without o\Ufittlng; the mctbod Ls unexpectedly 
res:lstant to OYUfiulng. 

u. TESaOC 
DurlngtesUng. the algorithm IS presented with previOUSly unseen 
dru samples whose d ass we wish to p«dlct. 1'be tt21nlng 
pb:ue created an ap~b:ISE'd cbss hleratthy. Since the 
tree, Including the "pure class" le1\'eS. Ls gme:rat!Ye Ln n:uure. 
there are two 21temaUw proctdures foe class prediCUon. One 
ts 1tbat of descending the trer. as Is done In doctsiOn trees. 
Hown'et, tn addiUon, the "k:af lndependmce" property of the 
CSL tree, as described Ln the previOils SE'CliOn (wblc:b does 
not bold for doctsiOn trees), enables another testing mrt.bod. 
wb.IC:b we refer to as KNN-on-k>:aws. In which we only 2ltend 
to the Je:U nodes of the trte, u de:KC1bed In the socond stlb­
$«110n below. (This property doE's not hold i>r decision trees. 
and thw thts addlllon:d testing method cannOl be 2ppl1E'd to 
dociSIOn trees). 1'be two test methods haw $0mE'wbat dUJermt 
memory and rompul2llon costs and $lightly dltfermt p«dlc:Uon 
accutXIes. 

lll. TJW •u:.• 
This approach starts :u the root of the cbs.s trte, and de:Kends. At 
every node, the test datum ts compared to the duster c:mtrolds 

$laced at the node to detmnfne the branch to We. The branch 
taken c:ocresponds to the dosest centroid to the test dattsm; I.e .. 
a deciSIOn Is made Joc:alty 2l the node. This provides us a unique 
p2lb from the root of the dass hlerateby to a Single: Je:af. thesto«d 
catepy label at that k:af 15 used to p«dlct the label of the lnpaa. 
Due to tree prunlng (described above).. the le1\U may noc be com· 
pletety pure. As a resafl.. lnste:ad or relying on :any ghm cbss being 
present In the le:lves. the posterior probabliJUes foe all the catt· 
gorles represented at the k:af are used to predk t the class b bcl i>r 
tbeumple. 

lJ.Z. KJIN ......... 
In thts 2pprox b, we mate a note o{ :1!1 the le:lves In the ~ 

alongwtth thectusu.>r ttpresenta.tiOn In the parmt olthek:af node 
CO«l'$pondlng to the branch wbkb leads to the le:af. \ole t.ben do K • 
ne1t'E'$t neighbor matching of the test sample wllb 211 these ctusw 
centroids that COfrespood to the le:lves. The fin:d label predJcttd 
CO«l'$ponds to the label of the k:af with the closest centroid. This 
approub Jrnplla that only the le:lves or the tree nttd to be $toted, 
resuiUng In a $1gnlfic:ant red'OCIIon In the memory reqtl!red to 
$lore the ka:mE'd model Hownu, a pm21ty Is paid Ln rocognJtiOn 
time, which In thts case IS proporuonal to the number of le1\U In 
the tree. 

The memory required to $tote the modd In the tree: descent 
approach ts hlsfler than that lOr the KNN-oo·k:tves approach. 
Hown'et, tree descent offers a sWst;mtUJ spttdup In recognition, 
as comparbons nred to be perfOrmed only <dong a single: p2lh 
throagb the tree from the toOl to the fin2l lea( 1'be algorithm Is 
4etcbed bdow In Algodthm 2. 

We expect tb:u the KNN-on-le1\'eS variant wiD yield brttet pre· 
diC:UOn acrotX)' u the decisiOn 15 made at the end of the tree and 

input: x •.: J<'·: , etas~ tK..,.': l l<oot 
Ot1tput: 11 E l. 2, ... J( 
I n il: Tree N•'dP. T = Tf:ool 
whilt. r i:< llo'1i •ru..f dn 

nw.st!o~m = 0 
for k • 1: l 'l'.(.'liil<t•·c •f do 

:,m' = Sl).{(lAIUTY(.x, T.C .. ·u.troid:{k]) 
it ~m > mm;iS~·n then 

I n.\OOIS i.l)\ = Si.lr\ 
btaru. .. h = k 

<nd 
t:nd 

T = T.C:hildre:nfbran,~h l 
end 
~· - '!'.Lalx:IS~t 

Algorittl .. 2 1 A ~ d tho tJlJO ckl:loatt algcrih':n icr ~ a rYHt 

tbta samplia. tho tl'lllthod $b11$ at b root~ .lll'ld ckl:socrds, blrrilg tho 
AT~~ dllt;m apnu..:tt nc0;o OI'ICICU!IIarod to oi;t.~;nn'-b btartda to 
s.-ct b hrthor da«Oitlt. Tho t O$llh is a U'l0;o;o pWa ftcm 1t$ tOOl to a 
"9o ~: tho ~od aiiOgCI'Y at M kuf i5 1t$ p'Kkrliort of b labol d 
1bCI input In tho -~~~ of "'p;r• s.-, lho po$1.llarior ~ icr .. 
anti!JCrias ft b liwf aro u::.d to pnacict b das:s lilbcll of b ~.S.C. 
1Qitt b fu1bw oi;o:$cripliorl. 
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heoce: the parUllonlng of the lnput $pace Is expected to exhlblt 
better gmu aUz:ltlon. In the case or tttt de$c:ent, $1nce decisiOns 
are made locally wtthln the trtt, If the dataset bas h.lgb Y'Ub.JU. 
then lt Is possible th:ll a wrong bf'1ncb wtU be Wen earty on In the 
trre, k>:adlng to tnxCUI"2te p«diCUon. This problem Is common to 
a large &mdy ohlgortthms.lndudlng deciSion trt"eS. We b:tve per· 
formed expertmmts to compare the two test methods; the results 
confirm th2t the KNN-on~le1\U mctbod ablblts mugt:n:aiJy bEt· 
ter prediction than the t~·descmt metbod.. The beb.w!Of of the 
two methods IS lllustt:lted Ln fl&ute s. 

4. CLUSTIRING METHODS 
'l1w only remabllng dt$tgn choiCe IS which unsupen·IK'd dus· 
tertng :algortthm to employ fOf $UCa.sslw:ly p:u1lUOnlng the data 
dutlng tl":llnlng. and the col'tt.Spondlng slmU:arlty me:l.Sllre. 1'bl' 
cbotce an change depending on the type of data to be d:wlfied. 
wbJie the m~r:dl fr.unewod remarns the same. yielding a poten­
tial &mlty of closely related nrt:tnts or the CSL algorithm.. ThiS 
en:lbks flexibility In sdl'c:tlng a partJculu uns:apetYISed ctusterlng 
:algortthm i:lr a gt:w:n dom21n and d:lt:aset. without modtfylng :tny· 
thl'ng else ln the :algortlhm. (Using different clustering 21gocltbms 
within the same d:w tree Is also fe:aslbfe u all deciSions :are made 
IOClfly In the t~.) 
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_ ,..,....,...,0'9 

There are numerous clustering algorithms from the simple and 
efficient k-means ( IJoyd. 198"2).self oqpntl:lng m:~ps (SOM; Kastt.. 
1997)and compeutm: nctwocb (Kosko, 1991), tothemore db> 
l"2te and expenslw prob:lbil!Sllc genm uw algortthms lite mtxtute 
of Gaus.sl:ms, PrombiiiSUC b tmt semantiC :milysts (Pl.SA: Hoff· 
m:tn,l999) :tnd Jim~ Dtrtchlet AIIoc:uton(LOA;BJelet:ll.,2003); 
exb bas mettts and costs.. Gtvm the btoJogtc:al derlnUOn of the 
$)'Stem. ~ bqpn by chOOSing k·me:ms, a simple and lnexpen· 
$lYe clustering method tb:lt tw been discussed pm'IO'asly u a 
c:tndid:att $)'Stem for biOlogiCal clt!Slertng (O:arten and Moody. 
1990); the method coold Instead use SOM Of compeuttw: le1tn· 
Lng.two highly rebltd .systems. (It mrulns qultepo5Sible: tb:ll more 
robust (and expensive) alP"Itbms $Udl u PlSA :tnd W A could 
provide Improved p«diCUon xcurxy. lmprow:ments mlgbt also 
:arise by tmung the data :ll evuy node as a mtxrute of Gaus­
$1:tns., :tnd a tlm:lllng the miXture par:lmeters tJSingtheexpoct:ltton 
mulmlz.:uton (EM) algoclthm.) 

u . t.US 
t~Mtt111s ts one of the most popular algoclthms. to clt!Sler 11 vec­
tors based on diStance l."'lE':2S.lU' Into l p:u1lUOns. where l < 11. lt 
:attempts to find the centers of n:ltUr21 dusters Ln the cbU. The: 
objecttw that l~me1.ns tries to mtnlmtt.e Is the tou1 tmra duster 
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wb.ue: thereut K ctustersS,. t= 1,2 •. ..• K md p,IS the centroid 
or me:an point of 211 the polnu Xi E c,. 

When t -me:ans Ls used fOf the unsupe:rv!SE'd appearmce-b:uo:l 
cluste:rtng :11 the nodes of the dass tree. the xtU2l me:ms olnlnE'd 
are $lUred 2l exb node. and the slmtlatlty measure IS Inversely 
proportlon21 to the Euc:lldwl distance. 

(U. lltiJf.aJfl d_,,.. 
In genenl, umupetv'lsed methods are senslth~ to lnlttaltullon. 
We Lnltbltu the clt!Sle:rtng a!P"Ithm :11 every node tn the cbss 
tree as folkJws. 

lf we are at node ~ wtth s:unples having one of Kl labels. we first 
determine the cbss a~ of the KJ categprles. (For every cbss. 
~ remm~ the s:amples whiCh are 2l least 2 standard &vt1l10ns 
aw:ay from the me:~.n of the class for the lnll12ll:t.:l1Jon These s:am· 
pies are considered foe the subsequent unsuperv!SE'd cfustt>rlng.) 
If the number of clusters (brmcbes).. K• = rnm (KJ. K-) tnms 
out to be equal to Kt. tbm the :1.\'tf:lgeS are used as the $ttds b 
tbedustetlngalgocttbm. lfhowt\-er K• < KJ.tben weti.W ulmple 
and efficient method foe obtaining the lnltl21 dusters by wing :an 
lnllbl run of k·means on the K1 2YE:~ In order to obtain the 
K• lnltUI centroids. The dau s:unples are assigned to tbe dus­
ters using nezest nelghbof m2pplng. and the ~ of these K• 
cluste:rs are used as $ttds lOr a subseqtserll ran of the onsuper· 
v~ ctustettng <llgorlthm. (ln our emplrle:ll experiments we h2\'i': 

FIGURE •llnit~ ofttwo.m.....,-.c~ pa~for a wtof 
~training~ lhoiii.Jmlticrl~ tho~ wblrl 
~willa irrilgg~.lhomotnocl~ tot. a~iodCW'I~ whlrl1bo 

uso:l the IH nWIS+ + variant of the popuJ:ar clustering algortthm 
to obtain the Lnlt121 dustet S«ds; Arthur :md YwlvltstU, 2007.) 
~ 4 IDustr.ues the lnltlallu Uoo method. (\\'hUe the mctbod 
WOt'b relatiVely well. farther studies lndlate that other mrtb· 
ods. which dlttelly ULIItze the smmrtlc straaure of the labeled 
dataset. c:m m ull In even better peci)munc:e. These 21terrurte 
appro:acbes are not discussed In this p:tper In order to keep the 
lOcus on lntrodt!Cing the rore algorithm.) lt IS worth noting that 
the Lnlttaltt.aUon method c:m be thought of In terms of a klQIC:I!Iy 
priOr "developmenuf" petlod, ln which no data IS actually $laced, 
but InStead sampling or the envlronmertliS uso:1 to set puamete:rs 
of the mE'lbod; those par;ameu:rs. once fixed. :att then used In the 
~ perfOrmance of the then-"'adult" algorithm (Felch :and 
G~.2008). 

~ EXPERIMENTS 
The proposed algortthm per!Orms a number or oper.rtiOns on 
Lts lnpua. lndodtng the unsupen·IK'd discovery of structure In 
the data. However. slnce the method, despite being compost"d 
only or on.supervtsed clustering md relnfoccemert~ k:tmlng. c:m 
nonetbelm petfocm supetVISed k:tmlng. we: haw: run tests that 
Lm'Olve ustng the CSL method $01e!y as :a supen·IK'd cbsslfier. 
In addiUon to these tests or superviSed kamlng alone, we: then 
bctefly describe some: addltbnal findtngs tlhsstrtllng the CSL :afg.> 
rlthm's powet at t:asks beyond the daslfic:atloo t:ask (Including the 
tasb or idenUI}1ng stracture In d:at:a. :and localiZing obfl'ciS Within ,.._). 

When viewed solely as a superviSed d:wlliec, the CSL method 
beats tt.Sembl:ances to two well-$tudled methods In machine le:atn· 
Lng and st:atiSLIC.s. and ~rigorously compare these. \W compmd 

dosinxl fU'Jit.' of du$1.11;1r$1in lbS ~ 21 is lo5:s th¥1 1t$ acrbi ra~rrilor 
of labolod dz:M llij)lll'..ll'ltOd irt tho cbt:Go11ft ltis ~pli;o.. AIIIO b$ 

du~~ 
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the accuracy. and the time and sp::.ce: rosu. of the CSL ilg.> 
rltllm as a superviSed cbsslfiet, ag:dnst the support vector machine 
(SV.M) :and k·nearest neighbor (KNN) algortthms. 1\>cfonmnc:e 
W'11 e:umfned on two well-studied publiC datasets. 

Foe SVM. ~ h:t~ used the popul:at UbSV.M implement:aUon 
th:rt IS pWlldy :rvall:able (Ch:IJlfJ and Un. 2001). This p:acbge 
Lmplmlents the -one vs one"' fbvoc of mu1Ucbs.s d.as.slfic::ltlon .• 
C'21lw:c than "one vs rest" v:arl:llll b:lsed on the findings reported 
Ln Hsu and lJn (2002). Afu.>c expectmmtlng with ::. few kernels. 
~ chose the llnt'2! temel slnc:e It W"U the most efficient :and 
especblty slnc:e It pcovtded the best S:VM results foe the high· 
dlmensiOnil cbl.aseu we tested. It IS known tb2t foe the ltnw 
kernel a wetsflt vtCiof an be romputed and hence the support 
vectors need not be kept In memocy. reru!Ung In k1w memory 
reqtllrements and fast ttCOgniUon ume. Howt\-e:c. thiS 15 not tree 
for non~llnear kernels where $UppOt1 vectors need to be kept 
Ln l.'nmlOfY to get the d :ass predictions 2t ran ume. Since we 
wiSh to compare the d :wlfiers In the general $eU!ng :and It Is 
ltkety th:lt the kernel trlct m2)' netd to be employed to sep:arm 
non·llnear Input $J>:lCe. we b2ve ret:llned the lmplement:ltlon of 
IJbSV.M u It 15 (where the$Upp0t1 vteton m ret:llned In mem· 
ory :and used durtng tesung to iJ1 clu.s prediCtion). We reallle 
thbl may not be the fairest comp:arlson fOf the current set of 
experiments, however. we belle-we th:u this setting IS more reflec • 
th-e of the typical use c:ase Kenacto where the ilgorlthms wiD be 
employed. 

Foe KNN we b2ve band coded the Lmpkment2llon and set 
the par;amrter K = 1 !Oc mulmum efficiency. (Foe the CSL ilg.> 
rltllm wltb KNN-on~le1\'tS, we use K = 1 u welL) The test bed Is 
:1 machine running windows XP 64 wtth 8GB memocy. \W h:l\'f: 
not used h.acdW"Ut :acaltt:ltlon foe any of the algorithms to keq) 
the rompactson blr. 

We have used two popabr cbturts from different donulns 
with very dlffermt cb:uxtectstla (lncludtng dlmensiOnillly of 
the d:lt::.) to fuUy explore the strengths and weak:nE'ues of the <llgo· 
rltllm. One ts :1 subset of the ~lt«:h· l561mage sec. and the otbec Is 
:1 \'U)' hJsfl-dlmensiOnal cblaset of neurolmaglng daa from tMRJ 
experiments. that hu bttn wtdely studied. 

Foe both experiments. we perfurmed muiUple runs. dtffetmtly 
$p[lutng the samples from exb d :w Lnto tralnlng :and taung $& 

( roosflty eqllll ln number). The terulls shown lndlc::ue the means 
and sbnd:ud drvb Uons of all runs. 

5.1M OBJECT IIECOCJIImOIII 
Ow fitst experiment tab the 2lgprlthm fOf object recognition 
Ln natural stJJI Image d:uuets. The t1St Is to p«dlc:t the l:lbel 
for :an lm:tgt'. b2vlng k2med the v:ariOus d :wa of objects In 
lm:I£E'S through :a training ph:.se. We report emplrbl findlngs 
for p«diCUon xcur;acy and romput:ltiOnil resources requlttd. 

5.1.1 . • • .., 
11w: d:lt:aset tJSed consists of a subset of the ~t«:h· 256 druset 
(Gclffin et a. 2001) wing 39 c:uegofles. exh with rough})' 100 
Lnrtances.. The c:ll£gofles were $pttllicalty chosen to exhibit wcy 
high bctween.attgocy slm.Oarlty. Intentionally $decled u :a wcy 
ch~kngt:ng t:ast. wtlb hlsfl potmtl<ll ronfuslon amongcbssa. The 
c:lt~lesare: 

_ ,.., ........ 0'9 

• M . .anmt2ls:: be:at, chbnp. dog. dephant. ~ gorlll:a. kangaroo. 
kop2rd. rxcoon. ttbr.a 

• Wlngrd: duck. ~ hummtngblrd. ostriCh, owl. penguin., 
sw-;an.. tm. c:ocmormt. butterfly 

• Crawlers (reptlks/lnsec:Warthropods/amphlblmS): IgUana. 
coctro::.cb. gnssboppec. housefty, praying mantis. SCOfpiOn., 
sn:tll. spider, to::.d 

• lnanlmate ollfocts: bxkp:lct. budnll gk)~ blnocuJm. ball· 
dow . chandeliers. computer monttoc. grand plano. lpod. 
b ptop. mkrowa\'f:. 

We h:tve chosen an e:rtremely slmple (:and very $1and:ard) mctbod 
!Oc represenung Lwges In ocdec to fMinuJn lOcus on the de:Krlp· 
tiOn of the propoM'd cbs.slfier. First a feaure YOC:lbabry consisting 
ofSIFf feztures (lo~. 2004) Is constracted by rannlng k-means 
on :1 random set of lm:~gt:S cont21nlng examples from 211 clu.ses of 
lnterest exh Image IS then rE'p«'St'nted as a hiStogr.am of these fe:l. 
tum.. The posJUons of the features and thelc geometry 15 tgnO«d. 
$1mpllfYing the proceu and reductng compul2llon2l costs. Thus 
exh Image IS a \tttoc x E R111, where rn IS the$IU: oftheacqulttd 
voc:abutacy. E:acb dlmensiOn of the vectOf IS :a count of the nwnber 
of Urnes the p:attlcubc fe11ure oc:cumd In the lm::.~. This rep· 
ment1Uon. tnown as the • Bag of \\beds." hu bttn successfully 
:tpplled befoceln several dom:llns lnch!dlng~ recognition In 
Lwges (Sivlc and Zlssennan. 2003). 

We ran a total of 8 trt:lls. CO!U'$pondlng to 8 dtffetmt random 
p:attiUOnltlfP of the Dfttcb. 256 daa lnto training and tesungsets. 
In exb trt:ll, we ran the tat foe eadl of :1 range of K~ Y2lues, to 
test thiS frre par;amew of the CSL model. 

5.1~ I'Niitf • a:c.ne, 
The graph In top left of Flprt s comp:ates the d :w.lfiet pre­
dlc:tJon :accuracy of the proposed iiP"Ithm wlth th:lt of SVM.s 
on the 39 subsets of Dhecb-2.56 de:Krlbed e1tUe:c. As expocltd. 
the slmpllstlc: Image represenuuon Kbem(. :and the re:adlly ron­
fused ategocy members, renders the Wk. extremely dlfficult. lt 
will be $E'erl th2t all d :asslfiers per!Orm :lt :a \'f:cy modest success 
r2te wltb thts cht:a. lndk:ltlng the difficulty of the d:lt:lset :and 
the conslder.able room foe pou:ntbllmprowmmt In clu.sllic::ltiOn 
t«hnlqoes. 

The two '1'UI1nb of the CSL algorithm :are compeUU~ wlth 
S:VM: SVM has an :l\'et:lge x:curacy of 23.~ CSL with tttt 
descent hu an :l\U:lge :accuracy of 19.•<K> and CSL wtth KNN· 
on-Je:tves bas :an :rver:aae predictiOn x:curacy of 21 .~ The KNN 
:llgortthm :alone pttforms td:lti'Ycly poocly. wlth an 2YE':r.l£t' p«dlc: • 
tiOn <~CCUtacy of ll.~ Chance prob:tblllty of corrtctty prediCUng 
:1 cbs.s IS 1 O'Ol of 39 (l .S&K). 

It can be Sttn th:u the bfanch f:aaoc does not h2\'f: :1 slgnlf· 
lant lmp::.ct on error r:ltes.. This IS possibly bE'ause the cbs.s 
tree grows tllllll the le1\'es m pure. and the cesu!Ung Internal 
structure. though dtffetmt across cbotcts of I("'U, does not slgnlf· 
lantly bnp:act the ti!Um:ue clusUie:c petfufmance as the hlemcby 
::.d:apu Its shape. Dlffe:tmt lntenW structure could slgnUicmtly 
:affect the performance of the <llgortthm on t:ub th:ll depended 
on the $1mll:actty structure of the data. but fOf the sole t:ast of 
$.llpttYISed d :asslfiatiOn, the tttt's Internal nodes h:a\'f: llltle: effect 
on p«dlc:Uon accuracy. 
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FIGURE s 1 Co~ ofCSl .-1 otlwor diWICbtd ~ rrop•t> 
P:'lodic6crl aocuraey ollbll est ~ ort b ~56 Stb$ol~ Tho;. 
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&tl . •• , .. ,. 
11w grtph In top right of Flpte s shows the rebtlonshlp between 
the ownU number of flCII:IE's In the tree to be «'':llned (and bmce 
vectors of dlmmston:altty M) md the bf'1ncb f.lctoc fOf O L cbs· 
$Jfiet. CSL Wlth tree descent bad to Slott an :1.\'f:ragt of 1036.15 
vectors, while the lmn-on~le1\U variant bad to Slott 902:.2 1 vee­
ton.. SVM reqtl!red 2286 vectors wbOe the vmllb KNN mctbod 
(wtth k = 1) req'Oires stor.lgt' of the enure tralntng corpus of 2322 
vectors. Thns. the number of vectors reblnE'd In memory by the 
CSL Y'Ub.nts Ls roaghly b21f the nwnbet retained by the SVM :and 
KNN algortthms. Puttber. the memory needed to stoce the tt21nE'd 
model when we predk t USing the KNN--oo-k:tves 2WfOXh Is 
mu!ler tbm when we ti.W tree descent. as we ecpocted and diS· 
cussed e:atUer. As a n be seen. t.be:re IS not much n rtzllon In CSL 
ped0flll1ln across different branch f.aaor valna. ThiS SU[!ReSU 
tb:rt after :a few lnltbl $pliU. most of tbe sub trees h2\'i': wry few 
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cat~les represented Within them :and bmce the upper boond 
on tbe branch f.actof dna not play a slgntfant role In ongoing 
petfornuncL 

5.U. CAJd• tW•tilf• 
1'be runtime costs or the algortthms p:llnt :an even moct surtllng 
plctate. 1'be gnpb tn bouom left or Rgun s shows the plots 
comparing the training UmE'S or the CSL and SVM :l!gorlthms. 
1'be two Yattanu of CSL have the same tralntng proctdwt :and 
hence «qUire the $:Ulle ume to train. ( KN N bas no expllc:Lt train· 
Lng sLage.) As em be Sttl\ tbe u atntng time o{ the new algortthm 
( 2\'f:r.lgt' of l .42s) Ls tooghly an order of magnitude sm2llet th:an 
that of the SVM (a\'etage o{ 18.SU). It Vlot!ld be cle:atly noted 
that compariSons between Implementations of aJgot1thms will not 

neceswtly reflect onde:dylng comput:ltlonal costs lnbermt to the 
algortthm.s. for whiCh further an:llySis and foml2l treatment wiD be 
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reqtllred. Nonetheless. Ln the presertl expe:rtments. the empiriCal 
costs were r:ldkalty dlffermt despttt efforts to shaw the SVM In 
U.s !best light 

As IndiCated e:artler, the: cbolee of brmcb f.lctoe does nOl haw a 
lar-ge lmp::.ct on the: tt21nlng ume netded. We also found th:n the 
wortlng l.'nmlOfY reqUirements oC out algortthm wert very small 
compared to th1t or the: SVM .. ln the extreme. when large represen· 
tatlons wert used !Oe Lmages. the: memocy requirements foe SVMs 
rmdectd the: task entirety Lmpractle:lble. In such Clrromstances. 
the CS L method st111 peci>nned elfectt'Vdy. The woctlng amoont 
of memocy we netd Is propo!Uon:al to the: largest clustering JOb 
th:ll ~ to be per!Ormed. By chOOSing low valna of~. we 
emplrle:l!ly find th:ll we em kE'q) this requirement law Wltboat 
loss of cbs.slfier peci>rmana. 

The bottom !1gbt plot of Ftptt s maws bow the 2\'f:r.~gt 
ume !Oe r«ognlllng a new Image nrta wtth branch fxtof. 
11w times m mown Ln lag:trtthmk $Cik. The CSL Y'Uiant.s m 
an order of magnitude f.astte than KNN and SVM 21gofltbms 
with the: tree de$c:ent Y'Uiant being the: bstesL ThiS maws the 
propose:~ algoctthm In Its best llsfiL Once training Is compk'l.e. 
cooogn~uon can be a:tremely rapid by doing hlmrcblal descent. 
m:lklng the CS L method untJSUalty well $lllled !Oe reil-ume 
:appliCations. 

5.2.. lllXBY fMRI DIJAS£1, 2111 
&1..1. •• .., 
H:tvlng demonstrated the CSL ')'Stem on Image cbla, we $oE'kdtd 
:1 v.:ery dtffetmt dataset to test neurolm:tglng data collected from 
the br:dn x th'lty or hwnan sub}OCtS who were vtewtng pictures. 
As with the C21tech· 256 data. we $decltd a wry well-studied set 
offM RJ cbla. from ::.2001 study by Hubyetal. (2001). 

Six healthy hU~MD vo1unt£erS mte«d an 0.1RI neurolm:tglng 
:awaratus and viewed :1 $el of pictures while thele bfaln actl\'lty 
(bk)od OX}"Ren·levd dqxndent me:asuteS) W'2S recorded. In t"Xh 
run, the subjects passively viewed gny $C:de Images of eight obfect 
cat.eples. grouped In lU blocks separ;tted by rat periods. Exh 
lm:~gt w;as shown !Oe soo ms and wu followed by a 1500-ms tntte • 
aJmulus Interval Each subject carcted out tweh'f: of t.bE'se runs. 
11w: sttmt!ll VIewed by the: subjects consisted of Lwga from the 
following dgbt d:wa: Fxa. em, Cb2tts. Sc:t.s.son. Howes. Bot· 
ties. Shoes. and random scrambled plet:tltE'$. Alll·bfaln fM RJ data 
Wtte r«oeded with a volume repetition Ume o{ 2.5 s. thus. a sUm· 
uh~ block was cOYtted by roughly 9 \'OiurnE'$. Foe :1 compfrte 
description oCtile: experimental design and fM RJ xqulsiUon para­
meters. see Hub)' t1 al. (2001). (The dataset Is pW!td y :tnllal*.) 
Each fMRI eecordlng corresponding to 1 volume Ln a blact far 
::. glml Input lm:tgt> a n be thoaght of as::. vtCiof with 163840 
dimensiOns. The recordings fOr au the subjects h2Yt' the s:une vec­
tor length. (In the Oflglna.J wort. · muts"' !Oe IndiVIdual brain 
areas wert provided. trtalnlng anty those voxels that were trypoth· 
eslztd by the: experimenters to play :1 .. fic:ant role In ~ 
cooogn~uon. Uslng these masks redoc:es the dat::. dbnensl0021· 
lty by a large bctoc. Howevet:. the masks are of different kngths 
for dlffermt $llbfeds, thns prevenung memlngful agreg:ulon oC 
IWardlnfl} actOSS subjeCU.. 1'hw. we h:t~ not used the fMSk.s and 
Lnrte:~d trained the cla.sslliers In the original high dimensional 
..,.,..) 

_,.., ........ 0'9 

uz. r..n., •• ;.,;,;._, .. .t;«• 
Foe each subject who partiCipated In the: experiment, we h:tve neu­
rolm2glng data collected u that subject vieWed Lwga from e:ach 
ofthedght classes. The task wu to see wbctbe:e, from the brabl data 
alone. the: aJgot1thms could prediCt what type of pictUre the .s:abfect 
wu VIeWing. 1bp kft In Ftptt 6 shows tbe p«dlctlon x:curacy 
of the Y'UIO'as clastfiers we tried. On the whak. :all the d:wUiers 
exhibit stm.Ou perfOnm:nce with SVM per(Onnlng $lightly better 
on a cot!ple of the: sWjectS. 

lbp r1gbt of Rgttte 6 shows the memory requirements !Oe 211 
the: algorltbms. The CSL ne1ants uqulre $1gnlfican.tty Jess mem­
ory to stare the model k2med durtng trabltng compared to SVM 
and KNN. SVM requites a bcge number of support V€Ctocs to 
fulty dlffecmtb:tt the d:zla from dtffetmt du.1e5 k>:adlng to bcge 
memocy consumption. whereas KNN needs to store 211 tbe tr:dn· 
Lng dat::. ln memory. For CSI. If the tatlng method IS tree descent. 
tbe:n the enure hkntttry netds to be kept Ln memory. Foe the 
KNN-on-k:tws tesUng l.'nE'I.bod. only the le:lve:s or the: tree ut 
retained, rmde:rtng e\"Ul a $lri:I!Jer memory ttq'Direment for the 
stored model 

Bottom left of fl&ute 6 shows the Ualnlng ume foe the CSL 
aliJ)rtthm being an order or m::.gnlttlde smaller than that of SVM. 
KNN does nOl h:tve my explicit Ualnlng Sl¥· Fln:l!ly, bottom 
right of Rgure 6 compares the cecognJUOn ume !Oe tbe differ­
ent <lfgorlthms. :~pin on :1 k)g $Cik. The a\uage ucognttlon ume 
on :1 new s:ample for the CSL trre descent variant Is a couple o{ 

orders of magnitude $lrl:aller than both KNN and SVM. For the 
KNN-on-k:tws variant of the CSL method, the cecogniUon ume 
grows larger (while $UU being $1gnlfican.tty smalkr than KNN oe 
S:VM). Therefore the: fastest :19Pf0Xb IS per!Ormtng::. tree descent 
(paying :1 perWty In terms of memory ttq'Direments fOr $lOring 
the: model). 

6.1..1 Af,.,.t • •• at,.. ... dJ 
Since the r«ordlngs from :all the: subjects h2Ye the s:une dlmen­
$1onallty, we can merge all the dat::. from the: different subjeCtS 
lnto 1 bcge druset and paruuon It Into the training and test· 
Lng cblasets. Thts way we an study the perfarma.nce trends wlth 
Lnc:reaslng datasets. The SVM system. onfartunately. wu un:lble 
to run an pools containing mare than two $llbfeds, doe to the 
S:VM system's high memory reqtllrements. Nonetbeteu. the two 

Y'UWlb of the CSL a1P"Itbm, and the KNN aliJ)rtthm. ran sue· 
cessfully on c:ollectlons containing up to five subjects' aga:eegated 
dot~ 

The sWptot on the left of Flpte 1 shows that theclassrfic:atiOn 
prediction accurxy or the different dastfiers remarn compeUUw 
with e:acb otbee as we InCrease the: pool. The: sWplot an the right 
of F-tpte 1 show$ the umd of memory consumption by the dlf· 
ferent a1P"Itbms u we lncre:ase the number of~ tnch!ded. 
Compared to standard KNN. the Lnc:rease In memory cons:amp­
tton IS much slower (sub ltnear) fOr the CSL 21pltbm. wtth the 
KNN-on-k:tws Y'Utant oC the O L algortthm growtng l"UY s.Jowty. 

Flnally,ln Flgun a. we examine the: growth In the a\"et:tge rocog­
nlllon time With lncreaslng pool $b:e. The costs or adding data 
c:ruse the: roc:ognlllan ume to grow far the: KNN a1P"Ithm fllOft' 

than foe elthu variant or the CSL alpltbm (ettbe:r tttt descent 
oe I<}I.'N-an·le:lves versions). 

..l:inlary2012 1~61/lni:!IIJ!l0 1 tt 



 

28 
Approved for public release; distribution unlimited. 

 

., 
,, 

~ " !; • ., 
~ 

" i .. ., 
~ 

" 
" 
:o 

> .. u .. " 
::o 

1-. 
• 

[ I r.J n rJ IJ li 
:o 

" 
FIGURE 6 1 eo..--of el.-... ""-t:Gk-tockllcotmino, 
from~llgdna ~ wha1 tp ol~b suijoawa 
vW.owillg. ThJ da:Sfttn tonK~-SV\4, KM( CSL:~s 
afld CSL:'ioo~t. &cttto5twa5ttn0"1 b d:lt:Jftorrt¥1 i~ 
~ i':!b lt&ii «~~PQriii'W>IIIISGO llaO(il, rl"q)klflt/VxaJtat;yof 
cl:lzil* ~~.Ailct;a~tswosirnk~.aGC~~tWfb 
b.-of tho~ v.bik>SVMporbtns ~lrttt bcmor on two 

~CSl. SQ. R"op ri!tdJMomoryusagoacross~ ~ 

Between these two CSL algortthm variants. the b lte:r exhblts 
$OITIE: modest ume growth as dau IS added. wbere:a.s tbe !Ormer 
(tru descent) versiOn of CSL ablblts no slgnt6c::mt tncre:ase In 
rooogn~uon ume wbatsoe'W:r u more cbla 15 added to the Wk. 
It Is nouble that the reason foe thts IS that the tttt depth bas 
not Increased wttb lncreJSlng me of tbe d:zt.aset: that Is. as mort 

dru ts added. the learned CSL tree arrives at tbe abl111y to suc­
cessfully d:w.lty the: dau e:ady on. and :adding new dau does 
not require the method to add more to the tttt. lnttresungly. 
the lttt$ become better b:danc«< as we lnaease the number of 
$llbfE'cls. but their slles do not lncre:ase. Tbe results suggest that 
the CSL algoctthm IS better SUited to $CI.)e to exuemety brge 
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C:Sl ~-bit ~ntty'-r nw:ncry~ lhln lboohr 
two rnothods..IBclaorn ~ Ti~ t$Q.JitM:I to tr.in ~ IC:Sl vs. 
SVM: tho b'IO CSl ~ aro w.:tl>d 6flinndy bJt tl:lirwod ~ty. 
KNH apithrns .a"$IXIt hrwodl. est I'$Q.Jina5 ~ty ;n crc11ar d 
~ b!islimo tonin lb:in SYM llkccmfVti)A>.o'qlimo to 
~a ,_input :lttil tr.iring. '"-y a»s fillog:lrilbmic:· sc:aW 
!tOt'tS deoltt tMt CSL Wlh !111>0 ~ Otl!pOrbm$ b odw 
~ bv .:n Oltb ol rnagai:u:IIJ. 

data $& than either of the compeung st:mdud SVM or KN N -· 
ll ANAlYSES AND EXTIHSIONS 
L 1. ALCORITHM COMPLEXITY 
\v'bm k-mcns Ls used for dustectng. tbe ume complexity for 
each partitioning Ill O(Nl l(). where N Ill the number of s:unpJes. 
K Is the numbet of partitions :md t Ls tbe number of ueu­
uon.s. If we fix J to bl' 2 constant (by putting an upper llmlt 
on It), then e:acb $pllt bl:ts O(NK). Slna we also put a boond 
on K (KMU)• we an utlll'De that each $pill Is O(N). Further 
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FIGURE 8 1.....,. noc.oogllitioll tin.,....,,_,,.,, il - .c ~­
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.,..;m .,.~ ha'll( d'low:!linf fiao:GO, ~lingil:l ~ityto 
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an:d)'Sis Is ~ on the total numbet of p2lhs :and tbelt con­
trlbuuoo to runtime. The maximum amount of memory netded 
Ls lOr the fitst onsupervtsed p~ruuontng. ThiS Is proponJonal 
to O(NK). \>Ibm we b2Ye smaU K. the amount of memory Is 
dlr«lly proporuon:d to the ntsmber of d2la elements being WE'd 
Ln t ralntng. 

As menuono:l wtlet. the algortthm Ls IntrinsiCally highly par· 
aDel. After every u.nsupervtsed p:utiUOnlng. exb of the p:trUllons 
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II:IJp Nn 21. lR9WTratts tho 11'$1'1dof ~ocr.s..mpbonwith 
~silo of 1M s~ pool b b d&!lifion. I:Ntfs~ 
ulillgO go.ows •-rty . ...,.__best wri:rtlgiOO¥ at a b.o<o' r;rtJJ, 
)b:nr.uinglboi' SCAlability. 

can be furt.be:r tre2led In parillel However. tn the experlmertts 
reported bert, we b:tve as yet made no 2ltempc. to pat:l!lelb:e the 
cc:.X. $ed;Lng lnste:ad to c:ompur the <dgorlthm directly ag:tlnst 
current st:md:ard SVM lmplmlem:ltiOns. 

U COMPIIIISON W1TH OTHEII HIERARCHIICAL I.EARiiii•C 
TECHNIOIJES 

The straaure of the algortthm m:ll::a 11 very $bnll:ar to CART (:md 
ln p:artlcubt. deciSIOn trees; Buntlne. 1992) since both f.amllies of 
algortthm.s putiUon the non-llne:ar Input space Into dlscontJnuous 
regions $llcb th:ll the Individual sW regtons themselves provide 
etrecuw: d.:as.s boondattes. Howew:r, there :are severaJ slgnJfic;ant 
dUJerenc:es. 

• Perhaps the most $.llbst:lnti2J difference Ls that deciSion ttees 
ose the labels of the d:2la to perform $plla . whereas the CSL 
aJgot1tbm putiUons b2SE'd on onsupervtsed Slmll:artty. 

• TbeCSL algortthm $pillS ln a muiUvarlate f.ashiOn. taking lnto 
2CC0'01ll 211 the dimensions or the data samples. as opposed 
to decision trees where most often, a single dlmensiOn which 
rest!hs In the l:argest demtxlngofthed:au. Ls used to wlupllb. 
The p2lh from the root to a lo f ln a decisiOn tree Is a con· 
JUnction or loc:d deciSions on feature nJues and :as a reru1t 
IS prone to O\'ef 6tung. As dlscw.sed before. the CSL tends to 
exhibit l.lttle m'f:rfittlng. and we c:m understand why thLs Is the 
c:ue (seE: ObcussiOn In the Slmp1Uied Algortthm sectiOn w-· 
lief). The le:a\'eS em be tte2ltd Independently of the m t of 
the tttt :md KNN an be tiSE'd on them to obtarn the cbss 
predictions. 

• DeciSIOn trees are by nature a 2 d.:as.s diKrlmlrurtlve appro:ad:l 
(muiUd ass prOOiems can be bandied using bi!W)' deciSion trees; 
Lee and Ob. 2003) wbereu the CSL :l!gorlthm IS a n:lltlfal 
mt!ltlclu.s gmentlve algorithm. 
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Most bnport:mtly. tbe go:lls of these systems dlffet. The prtw.ry 
p of the CSL :llgortthm IS to oncovet naur:ll structure wltbln the 
dru.. The f2Ct that the label-b:ued lmparlly of dasses IS t'E'duc:OO. 
resulting In tbe ability to cbsslfy labeled dW. falls oot as a (w:ry 
'l';l.}lnble) side eff«t oftbe proctdure. The CSL :l!gorlthm t.hla$ Will 
carry o'Ol a range of addiUOn:al tas:b. beyond wpen·ISE'd cbs.slfi· 
cauoo., that ti.W dreper an:llysts of the underlying structure of the 
data. nOl apparent through superviSed labeling :llone. 

U.. DISCOVERY OF STRUCTlllE 
For purp<IM'$ of thiS P:JPef we b2Ye fOc:uwd solely on the classllica· 
t!OO ablliUa of the :llgortthm. tbougb the 21pllhm an perfonn 
m:my other tasb O'OUide the purview of dasslfallon. Here we 
w!IJ bcldl.y COvet two IJit!Strat!Ye addiUOMI ablliUa: (I) uncover· 
Lng socond:ary stracture of d2la. and (II) kaltu uon of objeCtS 
wlthln lm:~ga. 

Ul. Hlar••ut 
Once a model Is U:llned. fOr e:ach U:llnlng mnpJe Lf we do bier· 
archk:ll de:Kent and aggrqpte tbe postet!Of probabiJIUes of the 
nodes along the p:uh. we get a repasentatloo fOr the sample. 
\v'hm ~do an 288fomuath~clt!Stertngon that ttpresenuuon. ~ 
uncoYet $«0ndary stractute sugsesttng mEta das.1es occurring In 

the dataset. F-tpte 9 captures the O'OlpUl of $llcb an aggk)metath~ 

clt!Stertng fOr tbe r«nrdlng$ of one sub}OCt (SI ). Here ~em S« 

extensive structure relations among the responses to Yattous pic· 
tutes; perb2ps most prominent IS a cle:ar $.E'JY.lr.lUOn of the data 
lnto animate and lnantnme dassa. The tree SUSJJE'$1.1 the 'true· 
ture of lnform:uton that Is present In the neurolmaglng dab; the 
~· brain m ponses dtsUngu!Sh among the dlffermt lypes of 
pictures that they viewed. Related res:alb were shown by Harum 
et 21. (2004); these were arrtYed a by anilysiS of tbe bidden node 
actlvlly of a back prop:JpUon network trained oo tbe same data. 
In contrast. It IS YoOrth noting tha tbe CSL cla.ullier obblru this 
$lt'1lCtUte as a rl2tur.d byprodtld of the tree-building proceu. 

u.z. • • •lect!leu. 
A task qtlltt o'OUide the realm of superviSed cbsslfic:lUon IS 
that of Jocaltl:lng. I.L, finding an obfect of lntetat wllhln an 
Lwge. This task IS asefuJ to II!ustrate addltiOn:ll capabilities of the 
:llgortthm beyond just daslfic:atlm . making use of the lntetn:ll 
repasentauons It constructs. 

We assume foe thiS e:umple th2t tbe dusterlng component of 
tbe algoctthm IS carried out by a genet'2llve method such as PLSA 
(Slvle et :11., 2005); ~then can assume th2t the fe2tuta specific 
to the objOCt dass wiD contctrute to the wrt In which an lm:IQt 
bEcomes cluslet'td. and tha those fmures Will conulbate more 
than wiJI random bac.kgro'Ond fe:ztures In the Image. 

FIGURE 9 IAfllo-w.. . ........ of tAM nocM .-:tirily for all tt. data &om s.q.c. t. tho h~ show:! ~;,. iMornallf!Ndlrll it b 
ro:;porAS, indudrg a cU ~ ol.,fn:l~~;o ard inlll'li!N111 slimuli. S4o bat.'! b fu1bll' discaJzicn. 



 

31 
Approved for public release; distribution unlimited. 

 

Flpte 10 shows an eumple of loollz:utoo of a fxe wtthln 
an Lw,e. The tniUal task W"U to cl:wU}' Images of f:ac:E's. cars. 
motoccydes. and airplanes (from Dllecb 4). PlSA was used b 

f 

FIGURE • I An illu.mion ofobja«IGQhllltion 011 M imae-from 
~ IA)h origrulill'l9- tll-£1 ~ ncaJ!Ial, ax!~ 
ilaol!l.lt$15 !w~ blue_ rod,. ~5hcr.wt.a11iwo15 I dTcaql4 Nlg h 
pa1tt i)1f>OCSI. ""' CFIA 1ffo::floklodrrgpol tho~ koa~~o~ro 500tOIS. 

_ ,.., ........ 0'9 

clt!Sl.e:rtng and b determining the clt!Sl.e:r membef.shlp of 2 prevl· 
ousty unseen Image x. For every cluster z. we em obtain the pos· 
tmor prob::abllty p(zfx. w)., fOf every feature wIn the vocabulary. 

F 

~tl n WOO" ixkato haauo SOOfllil m.. dTo::hdd and lbo::4 n rod 
~ bobY-Iffo::hokl SCICW'$4. Nolo tMt ~hg.ndotsOCIU n 
Ifill"'*' n;ogion$. --~of rod cbs~~ is knisodfrl( 
10 rogicrls outsidlllho bco n;ogiorl. 
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11rw. we can lest aU futures In the Image to see: whiCh ones mu­
lmlle the poslefl«. lndk atlng strong lnflumc:e on the eventu21 
cluster membership. The kla!Jon or those fe21Utes can then be 
used to ldenUfy the vlc:tnlty of tbe cb}OCt. 

As the p2lh from root to ln f tn the CSL bletatcby ls tme:rso:l 
for 2 p:u ttcular test lm:IQ(. the posttrtor2t a given node determines 
the contttbuUon or the fe:aturt to the branch .sdE'cltd. let 1 be tbe 
fin:ll objeCt bbd p«dlc:Uon foe tnuge x. 

Consider fnta.re h from the Wlabulary. At :my gtven node at 
he~t 1 21ong the path leadlng to p«dlc:Uoo or y (Of X. let 41! be 
the branch prediCted by feature ft> I.e,. among 211 bf:mcbes at node 
4 t:be posterior for tb2t branch Ls hlsflest for tb2t feature. ~ Is 
actwny 2 set of labels that a n be re:acbed at Y2ftous leaves using 
the brmch and fin:alty let the m-erall brmch taken at J bell 

AlkYd I. f., a n beclasslfied asposlttw: If 1("1 = lJ!), neutr.ll 
tf t (d! #;: lJ!) and 1 (Y E ~).:and finalty.nepuwtf l (d[ # b' ) :and 
I (Y ~ d/). The overall Kore for fi IS a Wdsflted $lllO S, or all tbe 

$COCO ( neg:ulw: feaures getting a nep uve score) <dong tbe path. 
Since we tnow the IOClllons or the fe21Utes. we can tnnsfer tbe 
KOreS to actw:l locations oo the Images (mOtt th:an one locatiOn 
m:ry m2p to tbe same feature In tbe \'Oelbabry). \v'ben 2 simple 
threshold Is applied, we get the map seen In the final Image. The 
window most lltety to conbln tbe cbjOCt can then be: obblned by 
optlmtullon of the $COteS oo tbe m:~p tJSing branch :and boond 
toob.nlqoes. 

7. CONQ.USION 
We haw: Introduced a newel. blolog:IC:llly dertwd algoctthm tbat 
carrtes out slmll:atlly-.b:lst'd hier:ucblc:ll d usterlng comblned wtth 
$1mple m:atcblng. thus ddetmlnlng wben nodes In the tttt are to 
be llt:rattw.ly ~ The dustectng mechanism Is a ttduced 
$'Obd of publiShed hypotheses of thabmocortlol function; the 
maleblmiSm:atcb operation Ls a redtlced subset of proposed bas:al 
pngUa opentlon; both are desc:rtM'd In Gr:mgu (2006). The 
resulting 2lgot1tbm petiOrms 2 range of tasts. Including ldentlfy­
tna: natur21 undedytngstructure amoogobfect tn the dataset these 
abiJIUes of the algortthm confer 2 r.ange of 2ppi1C2Uon ap:abtlttles 
be)fOnd tradiUOn:al cbs.slfien. In tbe presertl paper we desc:rtM'd 
ln dctall JUst one dccumscrlbed behav!Of of the algoctthm: Its 
abiJIIy to ase Its combination of unsuperviSed clt!Sl.ertng and retn­
for.cemmt to cury out the wt of st!petY'Ised cla.ullic:atloo.. The 
experiments reported here ~ tbe <llgorlthm\ performance 
Ls comp2r:able to that or SVMs oo thiS task, yet requt.res only a 
fr:a41on of the moutees of SVM or KNN methods. 

lt IS v.ortb briefly noting tb1t the Intent of the rese1tCh 
described here has not bttn to design nm'd algortthms. bat rather 
to .educe 21P"Ithms tb2t may be 2t play In br:dn dm:l!lry. The 
two br:dn structures referenced here. neocortex and b:wJ p n­
glla. when studied In ISolation. haw gtven rtse to bypotbesl'ttd 
operatiOns of hleratthlal dustttlng :and of retnfO«:unertl le:arn­
tng:. respecttwly (e.g .• Sutton :and &no, 1998: Rodf1gUn rt al., 
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ture that the result Is 2 nm'd composite 21goctthm (CSI.), which 
can be: thought of u uenumy constracttng ctcb rrpresent2tl0ns 
of sampled data. 

Though the algortthm wu conct:lved and derived from an:alysls 
of cortlco-strtatal CltcuJuy, the nat 21m was to responsbly analyze 
us dl'icxy and costs and compare It approprl:atety 2g:alnst other 
compEting <llgoctthms In Y2ftous domains. Thus we IntentiOn­
ally produced w:ry general 2lgot1tbmlc 'tatements of the derh'E'd 
cortJc:o.arl:ltal operations. pr«lsdy $0 tb1t ( 1) we can f'E'l21n func­
UoMI equivalency with tbe referenced prtor lllt:raturt (Scb11ltz 
et al., 1m: Surt and Scbu!l7.. 2001; Scbu!l7.. 2002.: Rodrtguez et al., 
2004; D2w and l:>oyt. 2006); and (2) the derl\'00 2lpltbm can 
be mponslbly comp:utd dtr«lly 3fP.bUt other :l!gorlthms. The 
algortthm an be applied to a number of tasb; foe purposes of 
the present paper we h2\-e b:used on $UpetYised cla.ullic:atiOn 
(thoagh we also brlefty demonstrated the utility or the mctbod i>c 
dUJermt tasks. tncludtng Identification of $UUClUre In data. :and 
loa!lxatJon of objeCts In an tnuge). 

It Is not yet known wb2t tub Of :l!goctthms are actw!ly being 
carrkd out by brain~ Btatnclrcults may repment com­
promtses among mt!ltlple functions. and thns may not outperfonn 
engineering 2pproxbes to partiCUlar spocbllled tasks (socb as 
classlliaUon). In the present tnstana.lndlvld~ components are 
hypotbeslztd to perfocm distinct algortthm.s. hletatchk al ctus­
tertng :and relnfo«ement ln mlng. :and the lntt'r:ICUons between 
those components perfufm st111 :another composite aliJ)rtthm. tbe 
CSL mctbod presented bert. (And, as mentioned. the studied 
oper:~.tiOns ate wry4 redoced $libels of the brger bypotbesl'ttd 
oper:~.tiOns of these thabmocortlcal and basal pn8fla 'ystems; u 
Ls bopE'd that on~g aady wiD yldd further <dgprlthms arising 
from riCher lntetxtiOns of t.bE'se cof1bl :and strlauJ structures. 
beyond the reduced slmplllic:atloo.s studied In the present papec.) 
As m-lgbt be expecltd of a method that h.a bee:n sdecttw.ly dewJ. 
oped In bloloQIC:II systems over evolutiOnary time, t.bE'se comp; 
nertl operatiOns may rrpresertl compromtses among dllfermual 
$decl10n:d pressures for 2 range of competing tasks. a rrted out 
by combined effOrts of muiUple distinct engines of the Min. ThiS 
rep«sents an lnsl..mce In wblcb models of 2 blologle2lsystem ln d 
to derlntiOn or tractable algortthm.s i>c real-W'Ofld tasks. Slnce 
the blologla!ly derl\'00 method studied here substantial})' outper­
!Orms extant engineering mctbods tn te:rms or effic;acy per ume 
or $p:Kecost. we forw~td tbe conj«tllf't' that br:dn clmlltry may 
conUntse to pto\'lde a nluable resCJUtCe from whiCh to mine novel 
algortthm.s for cb<l!lenglng computatiOnal tasks. 
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Appendix B 

D.:~~outb 'St.U.n Engin4;cring Llhon~lm}' 
llf.Lo\8 Te.r;:hr~.icl Rc.1'•)d 20U-~ 

Learning wha t is '\vh cr<> from unlabeled in1agcs: 

.Jo int lu t:aliz.atiou a nd d u$ t.aring o f foreground object~ 

A :-h ctk Ct;.m<.l r tl.'l'h<..*-.lr • T..o~ 1r1;'1T.(I 

To~sant · RJcharC Craug~r 

A h~rJW:t "\\>h,;:u:.-1....-,: h m•"''lf>, tn !"N":? Ttv plll fnntAn'.: Au~ wn11ki M. t fl t:nno.v 
\~baf> is ..o•f\E.roe- ~ &colm-.g" Tb..s h=m.wus qw-Ae t:.y Da-.rid t.Wr t2ll S\UUS up t.b~ 
hri y !.""" I n ri-.ion: <li,..'ll'l.'!'rine wh;u. i:: JWW~.''t:u·. in.._ ... v.xw-lrl . a.nd W ....... l~ il. b, frnm 
nAlW:!~~l im~ges. k1 this fJ:t{•t!r 1'.t! t.&.~:k:'l! t.bis C'hl~'l.gih:6 pc'(lbl.-.:n t.o· 1)!"111)(1~ a 
Wrti':I"'.U;·,tr: ·novld nl nhj<-r.t (.-,ru :ttil'lll ;1n: l ~..,..rih: ; u dlio·ir:~1 t ••lf.•' ritlon t lr .0. 111~ 
nl:f.t k:al!;:/ karn the uuam.eters <of the model fr<>m a (O~l~ioo of unlabeled inloac;eE. 
Oc.r ;a lg,:ori litu <!.:UXI\Tt:~ .Ia.~ nl1jt"o· ts ;ut•i their ·J~I i;•' o,xl o~nl:oo lty cht:.:h:rit~g I<) 
~he: ima_t<('S 0011ta:.a:aiog- !'imilar fcru:rouocs. Ou: &pptoadl ~<i.multll.nromlv so .... "CS 

f<.o~~· tl~ i:nage ::!u'ltcm •.. 1M fict~t'Omli. &p'Jl'l';>a'"ltt)()tl mOO~ :t.t)f! the :>JH.Iilll ~gio,)r.;;. 
co:.tainU~ tbc obj E"t't:$ l>y ootimizioe a ai~~ likdib:>od ftutcl io:.. da6:.00 ow.·f' tbc 
~n1h-e i.utll.£10: cn!J~ion. \'/e dbttllao<! t,'ll'f, u()>\-1!1 lf~tet bod:. fo t ~fficli!ul (.:u~•·('mml 

ltx a ljt<)t ioo: t :hc trst n1ctl<.Wi .Xes not WJu:.re .ta.ltY bow.ml·Ut· itoow.c -;::~uK'llt""io-11 
ADd dso:M:rs cbe (C"il'egf'':u:)(l region as a ()()l)t ig.aotiS rec-.anguJM bcJ.mdi:n; box. 
Tim ~n;nnlm:;lhud •:xpn ;:i;M' (i dtr fnn ;,ttmtwd il.'i il. ta~ lt'lt;tiutt ui l'tltpotr l}i ~~:d:< !l,<.:n· 
cn;.tcd tbtO\tgh & bott.o:n.Hlp ~n:.11t.kon oi tbc im:.gc. liO'i'.'('\'tr. unlike prc-.·io-us 
nll:tbvd3, o bj.e::ta a.:"e ot'Jt ~~u::t;ed to be Ecr.<:ap:lW;o.N.!t:l by a :tingle :l~tuflll .. E-.·:U· 
ua-.ic;n on staoda:d b('lldl..'llat'ks and «llllpar®n wi th pt'Wr oetbods demo!IJ:::ratc 
I bit .:•u r :\(l(>l'o.~ad• &l:hio: ~e> 3l.'tto;-<.o(·tlr~rt f€Sul1 :~ 011 &.lu! l):U()k!:n. vf l. (l:l>UJX'! , , i:lb.l 
t~o<.tnd )l)o(;:.-tt ~~~.~;it>Jl <Jod <.:lm.'tcrin.g. 

A:dl!M Ctw.noC.ra:::h~ 
IJ;a"'I'I!I."'UUh tAU."'6'1" 

.......... i!: - " .... ""'''··· ....... , . .. , .... ,.,.'" 
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• .... 
Objec:l ~ requites rEii!JOCllhiu& lbe m.. of objec.V ~ in an 
inpue. pboco. R.azber ttwl p«formi:rr1 cb.siftc::uioo ol &be mlir• image as a whole, 
obj«t ct.; recogoil:ioa 15}'!lems oft«~ oper.ue by ciiJcompclli_. Lbe pbot.o iJao dif.­
&!rent. regioas c:cne5pCOd.ing t.o tbe objku ptelfll& in Lbe ICf'De. Treatiug object 
loc:::Lii&atioo aod reeognition jointly 3.1Jon •ucft m~ t.o be mon~ robua to clut­
ter, r.uiataons in bxkgrounds, » we:IJ :as prtwmce ot multiple object.a. 

V.'e c:w di5tingui:;b several methodoloriel f« objeet moognitioo ~d loc:ilil~ 
tion on the b:Ws of the :unount of hum!ln IIUI)f:tvillion nt.ol!ded during training. 
When \be training im.ages are m:unWiy KegJn~wd into ~~emantic rt!gions, object 
loca.li:u.tion can be formulated u the u.slc of doo.IM!Iy m.:l.l.chin_g r~05 of tbe input 
pbo&o t.o the m.anU3.1ly annotated aep~cmta d limiW image~ in tbe da.t.abue (19}. 
In order to achieve good re&ults, tbeae r:DKhodl n!quire veq large c:oUec:tioos of 

~ted images so u to m:Wmize the ~ d a doee image matcb iD tbe 
daLabaae. However, due to the ClOSt d eollec\lnc p~La.~ 5llda cbt:&lsets are 
""""""Y 1iJne.<xmsumiJl to_.,. aDd dlJIIcult 10 ~ .........,.. 

A acood mecbodolc!r;y tt!volva the,. of cb\.uru w-lwe ODir Lbe objed. of 
iDLtne&. • a:w:uaDy "'V'""'er1 in the tniaiQc ...... 1)picai.Jy, ~jtion aDd 
loo,tintirm is &beo ~ed tiSi!:c a eombirudcl:l ol bouQD.cp ....,....tim aDd 
.... -., d ·o. , . ((31JIIIIJ.!!I.PJI). BU\ - - ><o compu""""""' 
~ to nm and, apin. tbe nquftmeal b cltc.ailfd ...,......, .... io W 

&niniQc - is br &oo ooeroas. 

An-_,.,..;, d>j«\ doucdon(f7),(8J), . ............ ~ ·­
wiudow daasifter e:rb:wai'my oter :ill r!CUn(Uhr r~ ot U.. t.eK im2&e in order 
to robualy b::Wxe tbe box UW U mort lilr.ely t.o cooWn U~e objec:l. TtUs brute­
force evalu:Woa c:ua be tnD very etl'kient by Uli:nc a 1nncb md bound st.rat.egy 
(16j wbich al1ows to r;apidl y remove rrom cor.:l&!r:uJon ~ l~g@ portion or regim:s. 

Theile ~tbtn5 oonn:illy require the objec1. t.O bet OOlineca&:ed Ul!iug ~ bounding 
~ in the training dat»et, which is e3SW!r t.O ~~tAl comp:ln!d to rull lil'gm~ 
~tion. However, even this fonn of labeling I• f!X"pt!nllive to :.oquire :wd effectively 
rmricUI t.be size or the training set.. l'llrLhi!fmOfo, tho !liM! :wd locations or tbe 
bowxiiog boles are typic:dly cbOIOI!O Mbitr:ltily by tho labc!ler :wd are comequeotly 
unlikely to be optiaW ror recagniticn. 

Wbea images bave labels indieuin1 tbe object~ prflll!m iD Lbem but no ~ 
ity infortnaboo for tbe objec:u, semi ~ JMLbo<bl CloD be spptied to kwn 
:t..WJm•ticaDy &beCOCTe&poo...., • b«wei!!D lJiliCII nc;o. and the bbebG&be ~ 
ap.. Mea metbods in &bis r:enr:e me t.c.c•m ap -c at ion u a p:ep:()()5Qilj:ug 
10 prod~ em:lidat.e RV'*""·. :lnd then perform \Cip dowD IMrDiDc 00 w seg--
11111!11'& (Jt0Jl111f.iD. &:.ew!r w mam ~ 1a ad! tDdhoda • R!lyi;D.c oo &be 
il doe&wd UN d bc::JuooHrp M&' m'fkr (buMS • ..,...... • ....._. eae5 aadl as 
tdpl; aDd t.e:l.'W:re) to :ser;me::& ~ mda thu objlc:ca or MD•nti=Dy-eobereo&. 

...- ... _ ....... bf •Rncle--Tb ... - --lypicallr Jield 

..... -- """"""1· n..:..nly, ""'"" .. lll.fZll ..., ._..... .. al.(9j 
b:lft prCJp»>!.d we:UI)'-6upettised objeet loalia.~tioo me&boda 2roidinc the oeed G 
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~-·barr lbo-d.--- ........ ...........,.­
~ sui:Mitdoa& illlbe ~~sad co learn :t. c:lulift« co~ 
..,.. acda rep:m. Efonon!r, @ff!ft mdl !Mlbodl nquirt tupctn'ilioo in wmlS « 
.-bbelo. 

In this paper we oocaast the tr:M!itiomJ met.bocloloci8 ror Clbjed. klcali:c.:a.tioo 
~ ~ outlined abow!, by prtRnrJn& a f\all.rota:uperTiaed method wbicb 
completely el:im.itw.es W need for tim&-«<l''tumi.Q& ~ •uboJKimal human l:.:lb& 
ing. 'The intuitim bebind our approadl ia th:u. objecta c::uJ be Yiewed aa recurring 

fonogound patterns appearing :15 ooberent. im~o rfllotll. lln..ul, we~ formula.te 
object diiSCOifery as the t:ISt of part itionin« W~ uni~IOO c:ollect.ioo of images into 
K sublsel.5 (du:st.eno), mcb that. :lll imagflll wiLhln e:dlllubM!I. abare :.!Simil:ar for~ 
ground. ln order to obtain a method IICslablo co I !Up oolleetJona and m:wy d3.'Sl!ieS, 
we adopt a foregound mask-b:lsed repre~C~nutJon of ob~ whicb enables £3st 
loc:a.l.ila.tioo given the objeet. model. Spedtlally, -., reyrtiii.D the object in an 
image • a bi5togram of quantized Iota! featW'GI oceunin& in Lbe eoclosing ro~ 

ground mild. We view e:adt object. ibS.taDol u s raDdom v:ariable drarrn from an 
untoown di&uibu~Xlo OCIIMIOO co all U..W.. of tbal objecL c:ba. This oommoo 
dia:lributim aiS&Wllprioo Cii'XI5tr2im :all hfSTOUDd ~uu ol au object ebss to 
rtprt'llela subtle vuiationl5 UOUDd S pra&.olypic:aJ SYII"tp ~ Ebaed 00 tbis 
:t.•umptioa, oor ~ po!l!!5 objee\ dilecwt!I'J' • a muia!UID likelilxlod esti:Jna.­
lioa prcblem, to be '¥i"ri'r""" orer tbe a:airw ~ olllllbbfied ia:aap.. We 
pr..a a JDdbod &hal muimila tbil objecdoww bf .. ,..,.,.......,.nil:!& ilr \be 
.......... IDOdolpu>mel«Sdlbo ... je<l----lbo ... je<l ......... d 
f!llldl cba in lbe tmbbeled ~2nd p«formiQc a-~ clus&.eri:Dc oli:ur 
apw; in U» cb&.a Sl'L In lbe oen S!dion we t'W't1t.w pdor CDtlbodl b WllllpftTi:sed 
objta diac:orl!'tf and di:seu:!5 lbftr rfbtim. c.o our apprmdl. 

2 Relaled wock 

Cl~zeoeric methods for object d i!IO(Nety, •uch :.a 111 aocl (14J, attempt to~ 
cmw im.:.ge N!gioos wbicb 3J'e sttoog eand id:t.l8 ror c:ont.:l..ining o bjets in them. 
•rhelle methods operate on individual im~J!tf In ~ purnly bott.om up Wbion. How­
ever, Lhe bottom up notioo or 'objed~ ialU-clennOO :uxt hence methods which 
C:&n d.illcolfer objetU by usin& :l eollection O( im!IICW by dee«mining 5tat.il;ticaJJy 
reoccurring i~ fragments are more lilw.ly t.o wcct!C!d at. t.be t.alsk.. 

Lee aDd: Graw:nan 117) have propo5led an •proadl CO automatically tocali7.e 
fORCJound fea.tures from a coUectioo of unlabeled lmac& By k!arning tbe "sig­
~· w-eigtns U semi-JocaJ f~• it.en.UYtly\brougb image goupiog. &heir 
m&bod ~ for ead! inu&e wb5eb hiu:n. an mea nolev:u:JL, &ivea tbe 
imap cx:Ge111. in tbe remainder ol the coiJec:doa. Wbilt \hit w<d. ~ 
~ d:lal. a toota:al r-ei:aforteDeat ol ob~ sad leal~ simi­

larity improre5 WlSilpd •i:sed imace dulu!riac,. u.n • ao dftu nr of U"aD:!ib&i:Qc 
lell&n • ft&ID io&o filncrouod h'lellin•im and objtcl aCfl:l&a. ~ i&. 
pt'lionu c:h&st«iD& from pai:nrise imace maida and &.btnlrn the eompucuioo:.d 
CCIIl .. fiiiCb ic.er..uicu i:s cubic: ia rK1lllber ~ hn21PL F'i:D:a.Dy, &he ~ alW!r­
D:Ual becweeo W.e ehl:steri::Qc :md apcbdQC lbt fortcrouod wactu willlom a 
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v.noo.-;,..pc"""""' ([IIJ,fi'7J, [ 12J~I5J, l9J) .... beeo ..,. propcoed 
lor limilar U.SS where lbe loe:Won d t.be objea il tlfl:lled • a ~ 'f:U'i:aNe 
1.0 be f'IStim:ued. Bow ever. motil or lbetoe method~ Me * fully Wl5upeni:sed 3Jld 
often rf'15011 &o an expeosive aliding windtM' mecbanilm foe object dilcolery wic.b 
unknown cuts for detection. 

Our work is inspired by the :&pprooch or RUIIIN!II f!t. :t..l.(241. wbo extend their 
e:lrlief work (26J and propose a fu lly·unaupc!rvttecl :llgoril.hm to dilsooter objects 
:md :wsoc:iated segmeots from 3 large ooJAedJon ollmagCII. Multiple Sl!gtQWt• 

tiona are performed for each im• by vuyinc t.ho pwamek'l'l d a segmeotatioo 
mel.bod. Tbe key 31iSW!1ption is th:lt. e:lltb object ln11tan0e il Cl:l"fed.Jy r.egmeated 
(u a lingle o:u:iguous sepleot) at. aeut. once Lhroueb mWtiple aegmeoutioo aod 
therefcn the oorrecc. segment.s correspondiac to objlcl c:iaual occur more ofteo 
t.haa hDdcm bactgrouod. 'J1Us 5U£P1it1 Uw. the f.u..tn~ of comet segmeou form 

objocWpedllc-- clioocw ...... """" ~ - -·from .... 
maiJiia. Alt.b:Ju&t:a tbe atgcritbm il *-a 10 be ab .. \0 dilccw« tna.n}' differalt 
objei:U. it aiD autrea from iuru,• '"' •OD bouoi:D-up "P"""Wim t.oC~:~De up 
1ritl:l a llir.IP" ~ .......,pednirc tbe objec\, wbidl a ~pc»l'd panicubrly in 
~~~e c:::ue ot unsupe: ww Ga:IS(Ig 1o100t CIRia 11 111 ~ t.o la:JtM' me c::uegory 
of &he objed. in order- toO reliably Jii!!CIDftJl it frGD \be .... Tbeir plia di:f£ereot. 
fiom 01n in tb!ll dleir tDI!lbod doe DOt prlllltribe a "T &o ctuR« 1.1:w im:lcas or 
cktermiDe wbicb. rer;ia:Js in lb! ~ ~ to ~ ~ Neorer­
~ in Ute experimenu we comider arh,pc••'oal ollbtir meUiod &o OIU t.:d 
ror a qu.antib.UTe can~ 

In ooo:tra&t, we propa;e a generative mock!l ol roregrollild form.Ulon t.lut ~ 
:.t.blal aimulbooous im.3ge clustering :and lor !!ground localinc.ioo via m:u.:imum li• 
lihood eestim..ation. UnJike (241. our :~ppro:w-.h t real.a C":!ieh image u a compa;ition d 
rorE"gound :wd b3ckgrouncJ where the rort'&'ound Ia ~p~Ded by a 5ingle model 

ab:u"ed with otber im~es and the b:d&round Is lmage..•peci.flc and beoce not 
modeled. We treat the rort:ground m3Sk :as a p:llUD~ to be eltim.ated as pan. d 
the likelihood optimizatioa. We demomtr:Lt.e that thille:ldll to better local.izatioo 
and image clustering. Apart from the p!"opclllllld unified ftamewu"k ri maximum 
likelibood estimatioo for \be tut, \be main CIOCILribut.kiOI of tma paper are tbe 
dev8opmear. of two oo;el methods for ~ locaUuLioo of objea. fccq;couuds 

iD imaga. In W ftrst. metbod., tbe fiortcmuDd II "'CCp-•b•ed by a ~ 
bouDdia& boo t1ws ~ lbe need &w bonca up "& Mm Tbt ~ 

- -nfraa bowxxHI;>_.........,.. "-·"---­
are~ 10 be noc:hil:l& Dkft \ban 'lu~·pb:f!b'. la pu1icab.r, we do ora as--
IUDIII! dial dw kw:E%Jound is eapbltfd by a liJICSe lfCJ8II&.. 111D:Jt, n owrcune 
IDCIIt of ~..be dn.wtx.cb of pr:t"'t'icu5 melbods wbkb Wild t.o ~ poorty due 10 
&beir reli:t..Dce oo W as:swnplioo &b:n bouaa-up *'Ill r=•= will tibfy procit:ac:e 
objtct. ina.aoce ~ coasi:s&«Jtty ~ ~ bfbl&inl: to \be same ebss. 
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Fig. 1: Our generative model of image fonut.ion: image z ,. is oblained by first 
drawing itB object cla89 (1,.); then the appearance of the objeel inSde the fore­
growxt location (z..) is generated from a d isuibut.ioo (9() OOinllXlll to aU objectB 
instanoes of that elaae:. The background model (8~) is asauned to change witb 
every image. 

S Generative model for WlSUpenrised object discovery 

We now de8Cribe ow proposed generative model fot U118Upervised object disocwery. 
We aa;ume we ate given as inpu1 a oolleet.ioo of N unlabeled images z1, .. • ,ZN , 

with eacb image containing one of K objectB. Our objective is twofold: to sep­
arate the images iotO K difdoim 8Ubset8 (cluster8) ooneepooding to the K ob­
ject cla8ees and to localize the object within each image. We denote witb ::e,. 
the Wtkoown foreground maak enclosing the foregroWld object of im.age z.,.. We 
represent the fon:lgrou.od region ~ .. of image z... by oompu1iog tbe un-oormal.ized 
histogram h(z.., ::e..) E Nw of the vintal words ~.e. , quanti7Jed locsl visual tea­
tune) oocuning imide ~ .. : here W repre9enU the oumber of unique words in 
the visual codebook, wbkh, as usu.al, is learned during an offline stage from 
training images. We aa;ume tba~ the foreground bist.ograou of imagee belong­
ing to the k-t.h objeel class are generated from a common ~rodel defined by 
paramet.erS 8(. Speci.ftcally, let ln. E { l, ... , K} denote the unknown eluster la­
bel of image z.., which we 88fWlle to be d.rawn from a Multinomial d istribution 
with petame&ers ~ = {~1 . ... , ~K }. Then, we model the fon:lgrou.od b.in.ogmm 
h{z..,~ .. ) as a raru:bm variable drawn from a Gausaian d isuibut.ion with parame­
te:r8 9f. = {p, .. , L't...}. i.e., h(z..,::e...)"' JV(pt.,. ,L'I~)· In order to reduce the nwnber 
of paramet.eu 10 be enima1ed, we asnuoe the c:ovaria.oee L'~c of each cluster k 
to be diagonal: L'~t = diag(>.J.,, . .. ,>-.w)-'. Finally, eacb image is asauned to 
have iu own independent backgrotmd model defined by patame&ers O!!. For our 
objective of objee1 discovery, 1he background parameters can be left urueeolved. 
The complete generative model is rum.nuuize graph.ic:slly in Figure 1. We pro­
pose 10 maximize the likeli:OOod of this model by marginalizing over the elus&er 
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~ wbic:b we \tf'IU u hkldta ntbblel. In otber words, our objective is to flod 

~·· (I"',S"} Uld bfc.rouDd r~r = (%,, . . • ,2',.) m:uim.izing 

H H K 
p(Jiz,l)l'(z) . n p(r. IJ'. ,I)p(r.) - n L l'(r.,l. = tjr.,l)p( • • ) ( I) 

-· -=••=• 

Wee:t.a muiai&e \be pn:lpt»ld ~ h~ via :an Ex-pecu&ioo t.bx:i:mica-­
lioa (PM) alptt.bm ~W!mlllnc benrtleD e.:ima.titc lbe disuibusioo over tbe dus-­
,_ .._ t. """ IDMs>t; lor U. ""-......,...., locaboos. Nett, ft...,.. 
bow to ptricnD tecb of u-~ ud demoran.tA! tJw. our modeling d:Oee6 
IMd to flflcila& WFndoa d tbe object reciom &Wm tbe far~wnd par:u::oeters 
I . 'lb@ ~ oomplose q..Jikelibood of oor model il pea by: 

N 
t. - los n p( ... . , ..... , .,)p(z.) 

•x• 
N 

• toe n p(r.~ • • r., B)p(1.18)1'(•.) 
. x o 

N 

• L tocp(r.IJ'.,I., B) + "'«P(1.18l + togp(•. > 

~· 
(2) 

The &tJ~ey d Lbo algorithm irrtOIVN cskulati-ng: the latent posterior d istribution 
..,....., • p(l" • kJ,r., ,:r,.,O) «)ven the current. estim~~ for 8 and r. It ean be seeo 
Lb:a.l. t.hia rtldOOt!ll t.O ~ 41V!l.hL'ltJon d l.bP. follo.vin& equ:&tim: 

w.N(h(r,., r .. );p a-, L'a-) 
(3) 

The M~gep requi.rm m~:dmblnc the l!lpeet.ed log-likelihood < £(9) >,. witb ~ 
apect. &o 8 !LOd :r. We bteln by writlng the l!lpect.ed log tikelibood: 

N K 
< '>,. L L , .. toc#(A{r..,•.);p • • £ . ) 

-·~1 
H K H 

+ L: L: , .... + L: k>CP<•·> +"""" 
... . •-=-• .. : I 

(4) 
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Thoopda._for_ .... beoOcalooclby .......... ,...,......._ 

&it's to uro. This ats to the loDowiQc rua.: 

I " ••- "NL7"' (SJ 

~· 

wbere lea) .. deOOCA!!> t be w--th erKry of :a. Vfltt.Or o. 
ln tbe At-aep we also need to upd.:lt.e Lbe GlltJm.uo d the foreground mask ~ 

by 110lving the following opUm.i:t:ttion:: 

K 

"'&"""' < C >-,= ><&a>axfklel'(•.) + L 7. , loc#(h(z..,r.);p,,E,)) 
... ... •a:t 

K W 

= ><&mu!klel'(r.>- L: -r .. L: •..<(ll(z..,•.>l- - "'•1->'> (8) 
~ lo:l -=• 

\\e JXJW me:.- lbu dlis objediw 121 be mrriuc iD a bm tma. leads t.o d­
cifmDIJCimintjon Lell.., = (l..,,, ••. , l.,_.JT ~ a-' . C • f't- •lf . ... . -7-xl'kf ~ 
aw• . - = ~r .... ,p~f E aw•, am aa~~y"' ut dmoc.ewi&h &(.r. .. ) l..i:W'Yecr.or 
...... mmc K copies d A.(z.,r.). i.~t-, l (:r,.) • {h(.r. ,r.)T, ... ,A(z.,.r.fiT E 
a*'•. 11:11!'o,. we ean rewrite the objerure d eq. a tquiYaitDJy a ioDows: 

ltW 

"'&"'"" < C >, = ><&"""' lklel'(•.) - L c,([A(•.)), - [111,)'1 
..,., ..... E~ l :al 

(9) 

W@ Dl!ltl introduce methods to optimixe this objectivt emcieutly. 

4.1 image foregrounds as recungul!lt boundln« boxtw 

A popular way for circumscribing :an objcet. in an Image ia by Uli.ng rect.:angubr 
bowxling boles. Tr:.ditiooa.Uy for tbe ob jifltt det.ectloo tuk, Lbe bounding bola are 
det.ennined U5iog an ecpeosive tJ.iding wiDdow IMC.bod (PJ, [81). H011rever, recemJy 
lA.m.pert. et al. 116) bave imroduoed a tnndl md bound oplimiz.atioo procedure 
to loc:aliu! bouoding baus etBcieatly. In our nra ptOpQiol!d appro:acb f« decer­
minin& fcnground loc:ality, we tted. tbe ~ fl Net~ Unace u a conQguous 
~ n!gioo wbicb is tl!pl'1'!lil!IU by \he~ r., E X. Here X iD:iieale6 

.......... of all"""""""'--..... lor--O(z..,>.) is i= 
a hil&.cJ&n.m d aJ!I fe:uutes tb:d occar witbiD U. r«<..Q&1e. 

O:micl« eq. 9: t:JOt.e dw &:be 8II!IOCIDd l«<D ID 1.1111 objlcth'e il a ni&J:Md F..n-­

cti<lo>D-........, p ODd ............. '<•·> --"""' .... ...,., 
ti'IXda io ~ %..... fU 5lld:l &eraa. we CLD cWDt a qualitrkM-a bou:od ~ 
&ioa ora 181 d ~s as ckecribtd bf Lamp«\ d al.{l fij. FU simpticicy, 

"'• d...,.. IAr•·>h ODd [II), ., ><•>, ODd,., ,.._.,...,._ "".-- """ .-
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be the smallest and largest recungl.es in c:mdid:.ate set X. We observe that the 
value ol each histogram bin ewer a set ol recungles X can be bounded from below 
and frOOl abote by the number d features with correspooding cluster index that 
faD into%,.,,. and ::e• "'"' respectively. we denote t hese bounds by !!(:r), and h(:r), 
respectively. E3Cb 5Utnmand c:m nOW' be bounded from below by 

( c1 (l!(::t)1 - p1 )2 if p1 < l!(::t)1 

c,(h(:r), - "' )2 ~ l 0 if l!(::t), ~ p1 :£ ii(::e), (10) 

l c1 (1i(::e)1 - p1 )2 if p1 > 1i(::e)1 

ln out implemeot:3.t ion, we model t he tlnot tenn, p{%.,) a:; a simple 20 Gaussian 
011er the relative width and beigbt of t be fOreground subwind ow, tnealiuted as t'r:w:­
tions of the im.a&e widt h :wd height. Therefore, tbe bound wer sees ol subwiodCM"s 
c:w be trivial.Jy defined for q:p(:r.,). This implies that our complete objective can 
now be gtooally opt itn.ized ewer ::e,. E X using the branch :wd bound mec.bod for 
efftrieot subwindOW' search of (16}. 

4.2 Image foregrounds as a set ol super pixels 

Modeling foregrounds as recungular regions flx'oes forf!gfounds to be rigid and 
contiguous. In some cases, t b.is results in the ioclusioo of random l:xadground d ut­
t<:t M pMt ol the window which inftuencea t.be beground objeu . mode:L Th.ia ie 
undetiitab1e and is panicularty troublesome flx' highly contoured objects and ~ 
ject d 31!io.'Se6 with large pose vari:moe. 1b address this cooeem, we propose a :;eoond 
method of repree;eoc.ing forf!grounds. Here, each image z..,. , undergoet> bottom--up 
segmentation roee at the start of the clusteri'lf procedure :wd is split into a n~ 
ber of appearan~basecl ~eocs {s~, s! ... s .. }. The number ol segmeocs, M, is 
J:uge enough for the im.a&e to be deemed a.s over segmeoted. 'Jbese ~nts :ue 
cal.Jed 5Uper pixels. TOO:s, the gooJ. ol finding the foreground become~> equivalent to 
ftnd ing which superpixels may be pan of the foreground. An importam:. property 
of considering :w im.age as a ooUection of super pixels is t hat unlike 124),(10] and 
several other appro:w:he;., we do not require t hat the entire forf!ground object. r~ 
gion be captured by a &ingle bott.ool-up ~ent. Instead we treat the fa'eground 
to be composed ol a group of super pixels. 

Formally, t he foreground mask %,. from ftgu:re I is described by a :;equeoee 
of variables (r~,:r:! ... %!' j . We tteu e:adl :r:~ as a variable such tlut :r:~ E fO, IJ, 
with t be inr.erpceu.t ion that bigber values imply that the 5Uper pixel s!. is to be 
pan. ol t be foreground region and a value cia;e to 0 implies tJw. s:. is assigned 
a.s part of t be b3ckgrouncL Therefore t be fa'eground itru1ge oont:.ent is defined a.s 
h(r .. ) = E .:r!.h(r:.), wbere h(r.!,.) is the histogram or feature~> occurring in the 
5Uper pixels~ . Using this, we recast eq. 9 as 

argm~ < C > ., = arg~~{ l: (r! - r!)2+ 
/ , gE Stt 

KW M 

L: <,(ll:; ·~h(.~>J, - fll],)2 ) 
J= .l •=l 

(II) 
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(12) 

where sN is tl':le s d an pain d Dll'i&:bboriac ~CJ:Da.a-1 in Uu&e z.,, f! is 
the number d pixels in 5eCJDE'!OL <. and P.. • E. P!, mel a., b are seal:v values 
ClOD!ItDirlinc tbe size of objec:\ foreground~ (in OW' GJM!I"imeaLI we set. G = 0.25., b = 
0.'75). Tbe fttst term in eq. 11 reprflll!ota our dloice d prior p(r.). This U!nD 
pen:ilites oonflgut:ltioos where neichbOOng ~\1 tu :ve widely differin& v:lluas 
~ thll!l forceli foregound segmeota t.o be loealizC'ld .ogether. It t:an be &eeD that 
the eq. 11 i5 a simple COIPIE!X optimization objec\Jvo whM :r~ ill 3lkM"ed to be a real 
v:alue :md heme can be minimized very ellk:~t1tly Wllnc qu!ldratie programming. 

5 Implementation det.ails 

Our nopri!!SftlWioo is bclo.wd oo hi&t.o&r~ d qu.vabed SlPT fe:ltures (2)). We 
experimented wilh bocb SIFT deec:ripkn c:t'o"b'ed ...._,. at« Ute e::Jtin in>­
,. ~ also lbciEe produced llllinc :I.D ~ poinc. ~- Simibtly to •lw. 
......,..., bJ"'"OUII>oBiD (l'l), n.......,.. --uoia&--.Jp<ors 
nlorh!«! u e'Ff!!fJ pixel iD t.be imap. Tina, blre .. pt.-m. experimm~ t.ed 
oely-d.=-~ .. ~-~ -..,.u- tM 5IVI'd.aipt:on: 
mUc s voc::abubryof risualwordl ~ by nmalq; t ·lllle:IDI on a a8. ofSIFr 
deM:ri:punot:c.ained from. W cdledicD d iapuL iat.lpL We \.ben kw"D s codeboot 
ol LOA topics (4j le::ame:i CN1S \.be ~I!CI SIJo"T hl:llnll vb Cibbll Ssmpling 
113). Tbentcn,exb image is viewed u adocwDmL olvilul words&eoented frun 
a minute of t.opic:6 and tbe ftoal billtop:am il produced by 2llllil;ninc exb ~ 
tb:ecl SIFf de&eripcor co its moest. libly &opic. ln our sperimeDtlwe dec.ermined 
that his«<grams 01er a small LJJA codebook provided the mOIL eoo!isteor. results. 

S.2 lniti3li%ation 

The method ol initiataa.tion for UtlllupervhN!d chatfl'rtnc ort.en has a large impGCt. 
on tbe qu:ility d the 6tul rewlta. The p:LrU~C'liA!r. t.o lnitl.:ili:le in our model are: 
mixture coeftlcients (I'_.J, hisf.olr:un me:.nll (p•) ~ nri:lfiOf!tl (£11J , and fo~ 
&round m..:l1.ib for all im:age~~ (z. ). 
We b:lve eva!u:ued bottom up, c:ta.-seneric objtec. det«Wr& sudt :u; (11 fix suit­
~bili'J for getting an iMb.J eRim.aLe ol imap: &lriiCJOUDdL Hmr~, in ptxtice 
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m:atdtit!c for all im::tges in lbe d.a&alel.. M:lr .-dl pUr d im~ we ttod Ule two 
lot1!gowJd ausb ~ ~ U. Ll-oana diluaot b«wee!n ~ ~ 
puud from lbesi!! masts. Tbia eao be.,-~ • • lanD d m t .... ,,m p31, 
2imed at l!bdit:Jc the OlCI5&. aimibr ~· iD tbe aro ....._ Speeifle!Dy, for 
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(12) 
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,. ~ also lbciEe produced llllinc :I.D ~ poinc. ~- Simibtly to •lw. 
......,..., bJ"'"OUII>oBiD (l'l), n.......,.. --uoia&--.Jp<ors 
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&round m..:l1.ib for all im:age~~ (z. ). 
We b:lve eva!u:ued bottom up, c:ta.-seneric objtec. det«Wr& sudt :u; (11 fix suit­
~bili'J for getting an iMb.J eRim.aLe ol imap: &lriiCJOUDdL Hmr~, in ptxtice 
aucb metbods 2.n" uorl!ti:l.ble. 'lll«e&n, we b:wt derttoped a norl!l appro:Ktl to 
i:rUtW.ite objeel.lixeg.roo:nd loc::aa:icq. We ..-bUy p«bm a psirwise: 6c:ngJound 
m:atdtit!c for all im::tges in lbe d.a&alel.. M:lr .-dl pUr d im~ we ttod Ule two 
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each pair d images (z,z1), we ftnd the pair of subwindows (:r.1 , :r1, ) E X x X that 
minimizes t be following objective: 

llh(z..,~.,)- h(z,,:r,,)lh - Cllh(z..,~.,) + h(z,,:r,,)lh (13) 

where lf.llt deootes the Lt-nonn and Cis a byperparameter trading off t be objec­
tive~> of 6nding similar b..istogr.uru> and cboaiiog J:uge subwindows (in our imp~ 
mentation C is set to 0.2). It is easy to see that this objective c:m be minimized 
using a simple v:uiam:. of t be branch and bound method described in p 6j. At the 
end d this pairwise tru1tdling pcooess, lOr each itru1ge z.., we get N - 1 ~ 
date forf!gf'ound tru15b {%,1 ) 1 p . From this set, we pic* the 3rd larget;t window by 
area. 'Jbe im.uitioo behind this choice is that close matcbet> will rerult in larger 
windows and that the largest windows probably oont.aio l:xadg:round ~ due 
to tru1tdling t.o near~uplic:1tes. The same init ial windows were used for boc.b the 
foreground JOC3.lizat ion metbocl:; described in this paper. While it is t rue tJut the 
cost d init ializatioo. is qmclratic in the number of images, we streso that its a one 
time cost unlike mCJit compet ing me«xxls (such a.s 117)), where each iteration bas 
a qlLld.rat ic 0061. Oooe init ialized, the it erat ions of our EM algorithm have linear 
cost.. 

For initializing the mixwre par:unec.er~ we t ried a v:uiatioo. of c:areful seeding 
(3J which wa.s rOOtllit against outliers. 

6 Experimentlll r esults 

There :ue very few published q~tative ev:Uuati01l5 on the tast ol unsupervised 
clustering and flx'eground loc31b:ation. ln this paper, we beoclun:ark t he perfoc­
mance of our proposed method princip3lly against the retrults published in 117) 
(FF), which repau on the same task. We do not 0001pare directly to t he methods 
dec;cribecl in 129] » these :UgOOthms do oot coosider the problem d object IOC3.liz~ 
tioo and imte3d perform image cllllitering merely b3sed on global feature~> C3.1~ 
J.ated from the emire itrulge. Instead we include as b:lo'Selines a mixt ure of pussians 
model applied to whde images (GMM-whde) as well a.s ground truth boundiog 
boxet> (GM:t.f-GT), t.o show t he beoedts pTO'Iided by our fOreground loc.al.izatioo 
met hods in the clustering results. We have also applied the gaussian mixture model 

on bounding boxet> derived using t he bottom up method det;eribecl in IIJ (GMM­
Obj). finally, we have interpreted the method described io 124) (Multi-Seg) and 
applied it t o our wk. 

ln I17J, t he authors have ev31u.a.t.ed their method oo t he MSRC-vl cbt:lo'Set and 
v.vo fitlb6ets (a 4-d:ll!ilS .and a 10-d:ll!ilS ooUectioo) of the C:altedll01 da.laset. Piea:;e 
refer t o that paper foe detail:; on the dat.a.sets.. Here we report our ftodings u.siog 
exactly t he s:une experimental setup .and sets ol im.ages. Fbr all datasets, we pic* 
the oumber of flx'eground duster~ K , to be equ:U t.o the otunber of classe&.. We 
performed .all ex.perimem:s u:;ing a codebook ol 50 LOA topics oomptrted from 
500 SIFT words. flor the segmeot :;electjoo met hod of forf!ground local.izatioo., we 
geoerate 20 bott.om--up segments lOr every image u.siog an implemeout ion of ooc­
=lized cuts (25). 
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Pig. 2: Tbe quAlity ol im~~ge e lu=:t.ering in t.cnncl ol the F MeQoGIU'c tnei:r ie few the 
three dat»ets. The oomparecl methods are GMM applied to fuJI images (GMM­
Wbole), ground truth subwindows (GMM-GT) :wd object boxes derived using 
(IJ (GMM~bj). The plo<s also mdude resul,. for Multi-Seg(24J, FF(17J, and our 
propooed algorithm of joint chs.ering and loc:Uizatioo (subw:iodow discovery as 
well as segment selectioo) 

G.l Qu:ality d im.a&e clustering 

We begin by evaluating the qu:ality » F-tnealiure metric with rec;pect. 
to the groond troth d:lo'SS labels: P = L, where N, is the wmber 

of nnoges belonging t.o d""' '· F'(•,J) and P(•,J ) and R(•,J ) 
deoote precisioo. and rec311, rec;pectively, ' and cluster j . The 
F-measu:re is a good index ol cluster purity with high values indic:1tiog that each 
cluster contains objects preclominandy from one class. figure 2 5ttmmarizes the 
results obtained oo. aU three data set:s.. 

The stanclatd Gaussian mixture model (GMM) h» been evaluated in different 
Sf!ttio~, me of them using whole im.ages (GMM-wboJe). For the c:Utecb sulxiets 
where ground tnJtb is available in the focm of bounding boxes, we have also tested 
the r:netbod using only the image COCKeDt within the ground truth forf!gf'ound su~ 
windows (GMM--WGT). The generic object detector ol (lJ provides for e:w:b im.age, 
the bounding box with t be bigbet;t prob3bility ol corresponding to an object. The 
graphs show the result ol applying GMM on the image oootent lying within tbe;e 
bau.>t> a.s weU. From this Figure we see tlut our appcoocb greatly outperfonns 
GMM using full im.ages (witb t be segmem:. selectioo procedure for foreground I~ 
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........... ma<JjDolly -porforaUnc .. --..... -"'>d). fUnbenDare, 
-~.our---mudlbtu«"-'*-blcopptied 
&o t1w i::ngotmd p1lUDd uulb aubwinc~Gn.. Welpi!CUb&.e llal. lhia is bec::au:!ll! W 
m:u:JWII a.naouliom:ue subjecli.e u.d tlllf"il!!thbla. Pankubdy in c:bMee •i1h bigb 
dtp!e of n.ri::u:ll:e, &be bum::urael«ted bar• m1c• wotlt ~ Uae ctt.t.eriDg u-­
t.empt aa the C'OOlefl&. exprt'!ill!iE!d within tbe rorecr«and r~ of i.m.ace5 wit.bio &be 
ume daMs: mi.g2:a not be si:mibr. On tbe oth« hand, UDMUpriain&Jy, Lhe results d 
~ppl)'in« GMM-Obj :ue poor 5inee det.ermlntnc objftt&l &om :a aitJ&Ie still image 
iJ Ul iU deftned t:u5k 

HCM"ever, we chiefly comp:ue against. t he re~~u lu of Lbe "fo~rotmd £ocw;" (FF) 
method described in[l 7) and t he muJtipW. ~~14\ionll (Multi-Seg) method d 
(24j. Signiftcatltly, our system al110 outperfonn• the rftlulta r(!]Xlrted in IJ '7j det;pite 
their algorithm using a sophistated ~~Cmti- local ros•n.ll!nbt.ioo encoding relative 
loc:atioo of features io spatial neilbborhoods. The ditrcnoce in perfortoaDce is 
aspeciaUy noticeable oo tbe mO&t thaJIM.gina: MSRO.vl d.aLa .a, which oom:.aios 
objec&;l aa. difrereo1 r.cale5 and iD diffe!reot pclllit.iona within lbe im.age. 

,... 
:to ~ o:;: ·~ 
""""'-"I o.no .. .,. ... , 

-n.ble 1: PMe:ws.re for dilfe:renr. lnitlall.ur.ioo metbodll 

V.'e have evaiU.:lted sever.al dilferent w~ of lnhb .LUing the foreground mas.ts 
for the images. lo pan.kul:u, we report for 3 dirre~m me~ lnitialb:ing masts 
to be full im~. ioiti3liziog m:~.Slos to be the llla.l probable r~o in the im:age to 
coot.aio an objen as determined by a cl.w ~k obj@ltl. det.ector 111 and fiJUJJy 
initializing £orf!Woonds using tbe p:Urwiae image CC~e~!ftDW!ol:lt.ioo metbod der.cribed 
in previous IIOOticn. A sw:runary of t.be rfllllltl In t.em11 or cllllfl.foriQg quality is givea 
in 'J."W)Ie Ei..2.. From tbe table it is deu \Jut l.be CCJIC!CfiDI!Gblioo approadl. despite 
the tup CCl!i&. proride& tbe best relill)u OXII.ia.e~nJy. 

We llltM' proceed co ~ oar appn:DCb Ia una. ~ oi>jcocl ......,fiptioo ~ 

....,.. In II'IJ, \be OUlhals ............ \be q.wily cl\bo ~ -=-by 
onmmq lbe liOrllWiud sum <X lbe • ...,.. i-lht pwnd lnllh lo<'lJOllld. 
While Uwir ~on lhis tD!trit doel mdb&.t &tw Lbe fon&rotmd fea.w:ra; 
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13 

Fig. 3: Average loc31b:ation scores achieved by our metbocl:; oo all itru1ges from 
each ground tnJtb cl3SS in the 4-cbss and the l~cl:lSS subsets of Caltecbl Ol. We 
aJ:;o show the loc:ilizatioo scores adlievecl by Multi-&!g. Ple:IIW! see text for more 
details.. 

get higher weigbt t b:ul txacqround feuures, there is no clear way d determ~ 
ing the :w:tual. IOC3Iity and extent ol the fOregrounds in the im.ages. F\lnbertr10te, 
with tbeir met ric, it is pcll!ioSible to get a high :;coce by having just a few very 
highly weigbt.ed foreground feuures. lost.ead, it is useful fa' many applicatiom to 
detennine the actual location and size of the beground. Our al.gocithm gener­
ates a nat ural solution to this requi rement in the fa'm of bounding boxes lOr the 
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~ •beD W loo!m...., ml!tbod iaaat.iodow dillctllr.,-, aD:!~ 
Mpiii!IU 2, .-bell W 'oe1Jm...., rMtbod W .,.- lllliifclioD. We measure W 
qualit~ «&be~ bc=>Jin ..... by~ IDM.ric ~1 uaed in objed. 

- J. =-<•.OP.J/ONO(•.U•· ) •bor••· • !.boi!""Jl'f uum 
lor 'be objed. in im3ge n. Fbr aubwiDdow dilc:oi.y ..,....,a,, m met.bod, we u:se 
tae boundiDg bat ,;round ~onnb prorided ror t.be lmac• m Olltec:h tot and ror 
-.ment Rlecc:ioo metbod, we use the full objc contour ground ttulh provided. 
figure 3 shows t.be loc:ili:ca.tion aoMM 3ChW!Yed wlt.b our melbod on :tJ1 images d 
the 4-d:w 3Dd t.be 10-cbss: mbset.a d ~t«h iOI. We Ulo include the loc:al.:i:lation 
aooms adlieved by (24J. It is cle:u- that the foreground loc:Wiu.tion by 'be ~t 
lol!lection metbod is superior to liubwindow dblcovery, howi!Vt!r, it doell not m:ab a 
significant diJferenoe in t.ermli or F·mea!mre IICOfC.. Wa tpeeul.:i.Le that this m.ay be 
due to t be restricted nature of the d:U.:..W.I. with hl&:hly coocl~ bdgrouod ~ 
ten!. appeuing in the d..iscool«ed subwindows which aid in dusteriog foregroo:ods 

correc:l.ly. While studying the score._ we lni1L 1.0 m.ptwize lha.t 1her.e are cal~ 
lat.ed witb respect. to the Jrui.OUlilly ~ CTOUnd t.ruLh. ~ we have altudy 
IM!eO in the eaase d bou:odin;g baus, they 21e .am4!W'tw. arbitrary. 1o ow- method, 
~ouod detectiOD: is optimiz:ed lOr im2(e clt.a:l«ift.&. So it ia r~ to get 
""""'ound wiUcb.,.. ir • ""wjdl the .,....t ........ but ............... play a 

- .. DllproriDc .... cluslerio&. 

A trift DIM oo Ollt ~ ollbe IMlhodl iD pAJ: We poim. OOL dlu 
~ ~ - ~ ..... ;a Wllneul t.aL. •• ~ .... -t.llidt.l1 d~ "-' 
ilzuca Cl' :ep«:ify Wbid:l ~ Ul: b'.,-CUidl. ~ Wf' Vied ad.apciDc 
UU.mel.lxld~;.owort oaoor &W: in cwodi&nrm ~ (., Wera..o lbecodedpq: 

lor I!I3Cb ~" I , mutcipli! RCJI!Iftlwianl were computed ~ a loopic modl!t ns 
II' to Uae ~ Ouster memben..bip •~ dec«mirwd u Uae Wpic: fTt ) d &be 
Joe&ll*ll (S......c) wi&.b lobe atWies~o KL dlnrzmce ~ita &opic. Thea, to klcali:ce &be 
ronogound, we sefect.ed .all segmeata b~vfn&: T, • the !'DOlt. probable tqlic: from 
the aepnenbtion ootlbining S6cd· (b) We UIC!d tbeJUper·pixel5 of ow method 
aa input. to [241 and then applied tbe procC!dure dMCtibed in (~) for clustering 
:lDd l~izat.ion (we abo t ried w;in& the mOIIL (reqw-:m.ly occurring topic as duster 
IN!mbership criterioo., wit h no im prwMW!nl. In pt!rfonn~). We b:we included 
lhe nwuJts for (a) in the plots in Figutett 2 ~d 3. 1'00 re~~uJIJI fot' (b) are very 
similar. lo 11bort, both t be c.a.set> yielded mtr.h )Oww ~ur:K:Y Uwt our approodl. 

Fi.nai.Jy, our algorithms are quite [!131. th~ to t.be n!ry emcieut. ro~ If> 
c:aU&.aa.ioo methods. FOr iosunoe, oa Calt.«h 4. .~. Ule EM approada based oa 
br~aod-bound CXII!lpletes all ita iter'1tica In 300 MXJDdl w bere=ll5 the seg;rnea.. 
ll>l!ifdioo mec.bod runs in 40 5eOCIOCh. Fi&we 4 man__. sam pis ol forecJouod 
prt'didioo Jor our mecbod bolb in W!nDJ; t:1 diilccwwf!d ~ aa:l selected 
bott.claH1p ~ Ple!ase ref« to RJpp' m" cbu b- men riaaali£a&ioos. 

' ...- piaak ...... ...,.... - w • ._ •• ,.,a....:, tot. PI"' d tile 
-...-.... ad&~M:EJ.Ira.if.e, ~u 
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I" I 

.-• . 4: (a): Ex:unples d ...._ precti<tloo lo ""- !tom lho 10-doos ouhoe< 
ol WtecbJOL Image oo the 1il!'ft oC ~ p:Ur Jbon lbfl ~UP« pixfls ~ 
through boltocn-.up segmenutioo. '1'be bo:r lo blue Uld lbe CODLour io red .:ue &be 
growxt truth ror tbe object loc:ltion in f.be lmap. 1bt image on the right of exb 
~ lbtws tbe foreground d.ixofert!d :. :. coUectlco ot •uper pixebs (15elec:ted if 
z:, > 0.3) by the segment selection method d loc1ll.:l:uioo. The belt: in green is the 
ronogound exted. pred.ict.ed by subwindaw diiiCOIM')' IIW!Lbod. (b): S:unple results 
ror MSRC-v t cbu:;et. 

7 Oonclmlom 

Unauperviaed foreground discofery is an impon.ant. but d.imcuJt. meao~ ri e:ur:acl­
inc lltructU.re from large unlabeled im..ace dSUMU.. lo U. work, we have developed 
:t. prolnN'ietie toelbocl to perfcna Jiimu!tmt'IOUI lmap dl~J~Wtrin& :I.Dd forECJound 
lgoJiutioo in unbbeled Cl'llJetotion5. We bare ~ \hat ~ &be D:ltUral 
•JDf'fV bdweeo &.be! two t:ltib le:ldllO impn:wed pw b . ..... al bot.b the biSb.. In 
&lie pc1)CliS. W ba'l~ fi:lrn:ttlbud 1WO DOn!ii~Dftbocb i:Jr 4illc:onriac :m:J fEpll!l!iE'!IS­

iarc ob_jea. iAtC~wuds by ........btitc 2nd ddftai1 • imalinc btftn. nriabfes 
CUINI iidill& to bolmditlc: tuM :I.Dd iJmee ~ M&L ()sa ~~~~!~.bod em ~ 

_,.- objecs ~- -*>&10 --·ltidlo&­
.....,anism ~ lX1Ce lh:at our aaum:plian l~ todl bzgp ccat.aiJ:a cno « K 
objtcU aod the sim:ptic:i:ty d our :tppnnuce modi@~ .UO. ua to c::ad. kr:-eground 
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,. 
clustering :wd localization elf!g3Jl1Jy as a single jotm optimizatim, SOOlething bas 
never been done until now. F\utbennae, we empirically show t hat the approocb 
outper'fOrms methods that make more compJex :lSSUmptions bm that then b.ave 
to msat t.o altenution between distinct objectives (e.g., I17J) a to a v.vo-step 
&dutioo (e.g., 124)) to fdve t be problem. We believe t here is high value in sir. 
pie models sbOW'o t.o perform weU io practice. In the fut ure we are interested in 
exteoding the work to videos where the tast is a natural ftt . Out pcob3bilistic: foc­
mulatioo also etubJes straigbtfOI'W':U'd it:lu!gratioll of om-visu:ll C'Uel> fiUCb as t.elet 

or tag)> :lo'S.'SOCiated to the images, which may yield more semam.iC3lly meaningful 
clusters. 'The software implementing our algorithm wiU be m.ade av:ailable upon 
publiC3.tioo. 
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How Brains Are Built: Principles of Computational Neuroscience 
By Richard Granger, Ph.D. 

Editor's note: The goal of computational newoscience is to understand the brain and i ts u::.eeb.anisms well 

enough to artificially simulate their functioos. In some areas, like h.eariDg, \'isioo, and prosthetics, there 

have been great advaoces in the tield. Yet there is still much about the brain that is unknown and therefore 

cannot be artificially repli.cated: How does the brain use language, make complex associatioos, or 

organize learned experiences? Once the neural pathways respoosible for these aod many other functioos 

are fully uademood and reco..-...l, we will b.t;,. the ability to build systems that= matcl>-and 

maybe e\'en exceed--the brain's capabilities.. 
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"If I c.llJDOt build i~ I do oot WJderstand it." So said Nobel laureate Richard F eymnan, md by his 

metric, \\'e understaod a bit about physics, less about c.hemistry, and almost nothing about biology.1 

When we fully understand a pheoomenon, we can specify its entire sequence of 1!\'mts, causes, 

and effects so completely that it is possible to fully simulate it, with all its iDtemal mechanisms intact. 

Achieving that level o f understanding is rare. It is commensurate with coostructiDg a full design for a 

mac.hine that could sen.-e as a stand-in for the thing being stud.i.ed. To understand a pbenomeooo 

sufficiently to fully simulate it is to understmd it comfX/lafionally. 

"Computation" doe:s not refer to computers per se; rather it refers to the undedying principles and 

methods that make them wort. As Turing Award recipiem Edsger Dijkstra said, ro-tiooal scieace "is 

no more about computers than astronomy is about tel.e:scope:s .• a Computational science is tbe study of the 

hidden rule:s underlyiDg complex phenomena from physics to psychology. 

Co_.wiooal oeuroscieoce, thea, has tbe aim of undersw.diDg bnins sufficiellfly well to be 

able to simulate their functioo.s, thereby subsuming the twin goals of scien.ce and eogineering: deeply 

uoderstanding the Umer wodcings of OW' brains, and being able to coostruct simulacra of them. As simple 

robots today substitute for human physical abilities, in settings from factories to hospitals, so brain 

engineering will coostruct stmd4 iDs for our meatal abilities-and possibly e\"ell enable us to fix our brains 

wbeo they break. 

Brains and Their Const ruction 

Brains, at ooe le\"el, consist of ion clwmels, c.hemical pumps. specialized proteins.. At another 

level, they contain se\'eral types ofneuroos cotlJlected via synaptic junctioo.s. These are in tum composed 

into networks coosistmg of repeating modules of carefully arranged cireuits. Tbe:se networks are attayed 

in iDteracling brain structures and systems, each with distinct intmW wiring and each canying out 

distinct fundioo.s. As in most complex systems, each level arises from those below it but is not readily 

reduoOle to its constituents. Our understanding o f an organism depeods on our unde:rstanding of its 

component organs. but also on tbe ongoing interactions among those parts, as is e\'ident in differentiating 

a li\'ing organism from a dead one. 

For instance, kidneys serve prilmrily to separate and excrete toxins from blood and to regu:.late 

chemical ba.lmces and blood pressure, so a kidney simulaaum would entail a nearly complete set of 

chemical and enz:ymatic reactions. A brain also mooitors many critical regulatory mec.hanisms, and a 

complete tmderstanding o f it will include detailed chemical and biophysical characteristics. 

But brains, alone among organs, produce thought. leaming. recognition. N o amount of 

engineering bas yet equaled, let alooe SUI)>OSsed, brains' abilities at these tasks. Despite huge eli-md 
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large budgets, we have DO artificial systems that ri\..J lnmw>s at reoogoiziDg faces, ""' uademaoding 

natural languages, oor leamiog from experieoce. 

There are. tbeo, auci.al priDciples that brains encode that have so far eluded the best efforts of 

scientists and engineers to decode. Much o f computational oeuroscieoce is aimed d.irec6y at attempting to 

decipher these priw:iples. 

Today we cannot yet fully simulate nwy aspect of a kidney, but we have passed a decisive 

threshold: we can build systems that repli<:atelcidaey priw:iples so closely that they""' supplallt their 

function in patients wbo lm..oe suffered kidney loss or damage. Artificial kidneys do oot use the same 

substrate as real kidneys; circuits and microiluidics take the place of cells and tissue, yet they cany out 

operatioos that are equi,raJent. and lifesaving. to the human bodies that use them. A primary long-term 

goal of computational neuroscience is to derive scientific principles ofbrain operation that will catalyze 

the comparable de\"elopmeot of prosthetic brains and brain parts.. 

Do We Know Enough About Brains to Build Tllem? 

As with any complex system, in the absence of full computational understaoding of the brain, we 

proceed by collecting constraints: experimentally obsenrable data can rule out poteotial explanations. The 

more we em rule out, tbe closer \\'e are to hypotheses that can account for the facts. Many oonstra.ining 

observations have usefully narrowed our understanding of bow mental activity arises from brain circuitry; 

these can be organized into five key categories. 

Brain component allometry: Rem.ubbly tight relationships hold berwe<D a bnm's overall size aDd the 

size of i ts coostitueot components. Just koowing the overall brain sUe of any mammal, \\'e can with great 

precision predict tbe sUe of an component structures within the brain. Thus, with few exceptions, brains 

apparently do not and canoot choose which strudure:s to differentially upand or reeoofigure. ~1 So, quite 

swprisingly, rather than a. range of different circuits, or e\'en selecti\'e resizing of brain components, 

hu:man brains are instead largely built from tbe same components as other mammalian brains, in the same 

circuit layoots, mtb highly predictable relati\-e sizes. Apparemly. quantitative clw>ge (brain size) results 

in a qualitative one (uniquely human computational capabilities).9.1"l 

Telencephalic uniformity: Circuits throughout the forebnin (tel=ephaloD) exhibit notably similar 

repeated designs.. &.ll with few exceptioos,1 .... 19 including some slightly different cell types, circuit 

structures, aDd genes. Yet brain areas purported to uaderli<: unique bum.m abilities (e.g., languago) barely 

differ from other structures; there are no extant hypotheses ofhow the modest observed genetic or 

anatomical differences could eogeoder exceedingly different functioo.s. Taken together, these fiDdiDgs 
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intimate the existence of a few elemental core computational functions that are re-used for a broad range 

of apparently different sensory and cogniti.-ve operations. 

Anatomical and physiological imp recision: E"id.eoce suggests that neural components are surpr:isiogly 

sloppy (probabilistic) in their operation, \"el}' sparsely cot~D.ed:ed, low-precisioo, aod extraordinarily 

slow,20-.21 despite exhibiting careful timing under some experimental cooditions.U-.1' Either brains are far 

more precise than we yet unde:rst.md, or else they carry out families of algorithms whereby precise 

com.puta.tioos arise from imprecise compooents.1U1 If' so, this greatly coostrains the types of operatioos 

!bat any brain circuits could be eagoged in. 

Task specification: Though artificial telephoo.e operators fieldpbooe inquiries with impre:ssi\."e \"'ice 

recognitioo, \\'e lmow that they could do far better. Tbe only reason we know this is that human operators 

substantially outpetform them; there are no other formal speci6catioos wba.tsoe\w that characterize the 

voice raoogoilion rult.''-" Engineers began by believing that tbey nnderstood the rult sufficiently to 

coostruct artificial operators. It has tumed out that their specification of the task does oot match the 

actual, still highly elnsin set of steps that humans actually perform in recognimg speech. WJfhout 

fonm.l task specifications, the only way to equallluman petformmce may be to come to understand the 

brain mechanisms that gn,-e rise totbe behavior. 

Parallel processing: SOD::Je recogoitioo t.asks take barely a few hundred millisec:oods,34.» conespoodiDg 

to no more than h.tmdreds of serial oeural steps (of milli.secoods each), strongly indicating myriad neuroos 

acting in parallel/' imposing a ""elY strong coostraiut on the types of operatioo.s that individual neuroo.s 

could be canying out. Yet para.llelism in computer science, e\'en on a small scale, such as two or three 

simultaneous operations, has proven ''elY elusi\'e. Why, for instance, doo 'tour dual<:ore or quad--core 

computers run two or four times faster than single-core systems? The (pa.infully direct) answer is that \\'e 

simpty do not yet koow bow to divide most software into parts that can effedi,.,ely exploit the presence of 

these additional hardware elements. E\'en for readily parallelizable software, it is challenging to design 

hardware that yields scalable retwus as processors are added.37.n It is iDc.reasingly possible that priDciples 

ofbr.Un architectun may help idemify 110vel and po....m.l parallel machine designs. 

From Circuits to Algorithms to Prosthetics 

There are se\'eral promising instaoces in which different laboratories (e\"elllabontori.e:s that are 

competiDg with each other) have ani\,-ed at substantial points of agreement about what certain brain areas 

are likely doing. A notable success story arises from studies of the basal ganglia, which takes two kinds of 
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inputs: sensory information from the neocortex, and '<reward'" and "p•misbmenf' information arisiDg from 

exterDal stimuli. We .... close to oomputatiooally UDderstuodmg this large clnmk of the braiD, much 
apparently canies out just ooe of our primary teaming abilities: our slow 'bial and error" learning 

(studied in computational neuroscience as "reinforcement leamingj, underlying our ability to acquire 

such skills as riding a bike.JO.lUS 

In addition, there is a growing coDSeDSUS that circuits in the oeocortn, by far the largest set of 

brain strudw'e:s in humans, carry out another, quite dif'fereot kind ofl.eaming: the ability to rapidly leam 

new facts aod to organize newly acquired knowledge into vast hie:rarclllcal structure:s that encode complex 

relationships, such as categories and subcategories, episodes, and relations.2:t. "-~ 

ADd these two systems are coDDected to each other, via far-reac.hing cortico-basal ganglia (aka 

~striatal) loops :tt The basal ganglia system carries out the computational operations of skill 

l.eamiog (reinforcement leaming) while cortical circuits computatiooally construd vast hierarchi.e:s of 

facts and relations amoog facts. Interestingly. computational research on reinforcement leamiog has found 

that adding hierarchi.e:s to the process can greatly im.pro\.oe learning petformmce . '"-'liS Our ancestors 

(reptiles and early mammals) were largely driven by the basal ganglia. whereas mumnaljan evolution has 

hugely expanded the relative size of tbe DeOCortex. By consistently Ux::reasing tbe size ratio of the 

neocortex to tbe basal ganglia, mammal ian brain evolution may be solving a specific computational 

pu:zzle.19• '~Our understanding of human and aoimall.eaming abilities is being achranced by these 

computational studie:s, and we are de\"eloping DO'Io"ei methods for machine learning. eoabling more 

pow.m.J computer algorithms for malysis of complex data r.mgiDg from medical to ooD>D>ercial to 

financial applica.tioos. 

Me.oundlile, as study of tbe:se primary cortico-striatal brain structures remains ""elY much still in 

progress, great achrances have been made in deep, computational UDderstanding of certain circumscnOed 

brain systems, in particular those invoh "ed in early sensory transduction and perception. The results have 

beeo sriiug. 

Analysis of coc:hlear mechanisms has led to the coostruction of prosthetics that sen·e today as 

cures for more than 100,000 people 'Who have lost their bearing. 80 Retinal prosthetics are in advanced 

development.114
' In a recent study, patients with retinal implants recognized printed letters of size and 

distance comparable to reading a. book in relati:vely low light. And uperimenta.l prostbetic arms can 

respond to brain-initiated control; people leam to control the anD simply by deciding to move it-.11 

These seDSOI)' aud motor fiDdmp lin~ also led to fonmlizatiODS of tbe geoeral problem of adU>g 

in en' Yonments that are only partly observable and are dynamically c.hanging, such as robotics or 

a.utcxmated na'tiga.tion; the result is a set of inc:rea.singly im.pre:ssi\."e robotic methods that see and na.' tigate 

in complex surroundings. • m a. series of trials nm by the Deparb:Dent of Defense over the last several 
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years, vehicles were, for the first time, able to navigate through real wban traffic, merging. passing, 

parking, and negotiating intersedioos, with no human control. Retinal algorithms operate equally well on 

other sensors such as radar; aod prosthetic limb algorithms are whoUy applicable to robots. Many of the 

algorithms that operate robots and automated \"ehicles are closely related to those that operate prosthetic 

limb• 

As we cOD::Je to computationally unde:rstmd bow these peripheral sensorimotor systems wed:, the 

distinction bet\\'HD. natural and artificial is being eroded. A breed of robots that share many of our own 

dexterity and perceptual abilities is likely to emerge diredly from this research. As these Ux:reasingly 

biologically-based robots, or biots, come to replace h.u:m.an skilled labor, the economic and social 

coo.sequences may be substantiaL 

From Percept to Concept 

The primary differeoce:s between human brains and those of other animals lie not in our sensory 

or motor u::.ee.hanisms, which are largely shared across many species, but rather in cognitive abilities: 

association, representation, reasoning. Despite great ach·ances in peripheral prost:betics, there is no 

coau::oensurate understanding of advaoced cognition. 

The abilities of peripheral circuits (retina, coc.hlea, initial thalamic and cortical regions) are 

largely built in at birth via genetic programs aDd shaped in early childhood during developmentally 

c:ritical periods. In coo.trast, tbe rest of the neocortex will use those built-in systems to acquire masses of 

specific information about the environment over a lifetime. Neocortical circuits are not hom with 

knowledge o f particular scenes, faces, or actions; these are acquired through sensorimotor uperieoce: 

obsen.iDg and interacting with objects and eveots in our surroundings. Cortical circuits are engaged 

almost entirety in fact leaming: rapid, penxwl.eDt acquisition and organization of everyday oc:cwrences. 

The low-le\'el biological meclwiisms undupiDDiDg long-tmn fact le.mWJg (pemwoeut, matomical 

syDaptic clwoges, rather than inberemly ephemeral cllemic.U <:hang.s) are becoming understood." But tbe 

neocortex is not just a passive warehouse ofbillioos of isolated facts; we can arbitrarily associate them, 

recall them, embellish them. u Association, recall, retrieval, organizatioo-all that we can actually do with 

mem.ory-depeods on meclwiisms that are as yet still UDk:nown. 

Early cortU:al areas, then, deal with ncogoizing objects (evea in different lighting, settings, and 

clutter). but some laboratories are iDc.reasingly fcx-u.sing on cortical circuits that are beyond the early 

sensory areas: the \rast remainder oftbe neocortex that somehow encodes sequences, associations, and 

abstract relatioos.u. to-9t 

Seeing a phone, \\'e perceive not ooly its "isual form but also its a.ffordmces (calliDg. texting, 

photographing, playing music), OW' memories of it (when we got it, where we have recently used it), and a 
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wealth of potential associations (our ringtoo.e, whom we might call, whether it is charged, etc.). The 

questions ofhow cross-modal information is leamed and integrated, and in what form the knowledp: is 

stored-bow percepts become concepts-oow coostitu:te the primary frontier of work in computational 

newoscience. ln this borderland between perception and cognition, the peripheral language of the senses 

is transmuted to the iatemallingua &mea of the brain, freed from literal sensation and formulated into 

intmlal repre:senta:tions that can include a \\'ealtb of associatioos. 

E1o"ell our simplest perceptions often rely on to~owu processing: using stored memory 

representations to inform our ongoing perception and recognition. In some cireumstaoces, we can 

recognize objects in just tens of millisecoods,34» so rapidly that it is unlikely that any top.dowu pathways 

are yet engaged. Yet ooce \\'e ' re beyood simple recognition, to the far richer range of infereoce, 

association, and e\'en laDguage, memories strongly iniluence our perceptioos. Merely thinking of a car is 

sufficient to actn-a.te the same early visual areas that would ha\'e been triggered by actually seeing the car, 

inclOOiDg its shape, size. color, and other features. 1~101 

These early '\tisual areas are just one instance of the spread of acti\ratioo fiom a triggering 

mem.ory.1~1~ Think:ing of a car may also acti,rate many other areas, as yet largely UlliDa.pped. that 

encode knowledge of bow to opeo car doors, tum ignition keys, steer, acceler.rte, brake--or inf'onna.tioo 

about what particular car you own, where it is paxked, and so oo.. Today we em experimentally test for 

\isual shape information because we know a great deal about bow to decode neural responses that OCCW' 

in early\<isu.al areas, 106but we h,a,;-e comparati\."ely modest data for other associam"e knowledg-e. ~•ot 

Computational models of spreading acti,ration 110.111 are now stri,.q: to make contact with specific newal 

mechanisms and brain pathways, to arrive at COlJV'el'pDt hypotheses like those of peripheral sensory 

systems. 

Computing Individual Differences: From Neurotypes to Cognotypes 

Though all of us im."e extraordinarily similar braios., even small dilfermce:s can be striking. 

Whether particular characteristics are genetic, developmental, or learned is still often impossible to 

ascertain, but u.ID-idua.l ~-ioral dillueo<:es ""' highly likely to directly rorrespood to mdh-idual bnin 

differences, whether genetic or acquired. Most work in computatiooal newoscience-from perception to 

cognition, from anatomy to computational models-has focused oo one agent at a time, ooe brain at a 

time. A further frontier will be to confront dilfereoces among indi'\'iduals. 

Our bodies are built by genetic programs that became locked into particular pattems early on io 

mammalian e\"'lutioo: four appendages; eyes above nose above mouth bet\\'MD. ears; ten fingers aod ten 

toes. We are not optimi2ed to lm."e just these features and no others; most oftbe '\'ariations that we might 

imagine---nose above eyes; fh"e limbs; tentacles instead ofband~<e ne\W been tried by evolution, 
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patient. And there are risks: the surgical implantation procedure may lead to a higher incidence of 

meningitis.11'-117 Moreover, there are social complications: some in the deaf community find coc:hlear 

impl- to be ethically misplaced, arguing that the deaf should not be thought of as disabled at all, but 

rather as a "minority cultural group."l tt 

What of braiD parts that .,. deeper than just the peripb.ral bearing-? Traumatic brain 

injury can cause debilitating deficits in memory aod cognition; at present, such injuries are extmnely 

difficult even to diagnose, let alone to treat. Implants to restore lost cognitive abilities for such accident 

\'ictims would be revolutionary, and would be welcomed. 

But if implauts exist.<~ foe accideat-iDduced c:ogoiti;·e losses, c:ould they also be used to augment 

UDinjtued cogniti\.oe function? There is sugp:sti\.oe e\idence from drugs: some Alzheimer' s medications 

may improve memory in people with mild cognitn.oe impairment~ the FDA has oot yet approved the 

use of any treatments for these lesser cooditioo.s.11
"·

120 How would regulators at the FDA react if it 

became possible to augment our brains-implants to belp us think faster or to increase our memory 

capacity? The economic, social, aod political concomitants of such teclmology would swely eclipse those 

arising from cochlear implants.. 

Each brain coota.ins idiosyucra.sies; our brains define wbo \\'e are. The way we interact, the kinds 

of decisions \\'e make. tbe cOililledioos we perceive-all arise from the still-obscure mechanisms of the 

\rast span oftbalamocortical circuits aod corfico.striatalloops in our beads. These repeating components 

gi\"e us OW' mammalian abilities, our uniquely human facultie:s, and our indiv-idual characteristics. The 

computational understanding of individual and group dif'fermces will likely lead to a new scieoce of 

different types of cognitive beha\~or. with impticatioos ~ from law to education. The fonDerly 

f.amiliar terrain ofln:mw.l. nature may appear quite different in this light; perhaps. am,.mg there, \\'e will 

ttuly know tbe place for tbe first time. 

Our abilities are oot inimitable; brain circuits are circuits, albeit nonstandard ones, and they will 

yield to analysis. As computa.tiooal neuroscience comes to demystify them, we verge on an era of new 

frontiers in science and medici.ne, in which we can iocnasiogly repair, enhance, and likely supplant the 

biological engines we think with. 

9 



 

62 
Approved for public release; distribution unlimited. 

  

Cerebrum, January2011 

Richard Granger, Ph.D .• is a professor atD..-uth withfacultypositiODS intbe~of 

psychological and brain sciences, computer science, and the Thayer School ofEogineering. He directs 

Dartmouth's interdisciplinary Brain EogiDeeriDg La.bor.rtory, with research projects rangiDg from 

computation and robotics to neuroimaging and cognitive neuroscience. He bas authored more than 100 

scientific papers and holds numerous issued patents, is an elected fellow oftbe American Association for 

the A<h·ancemeoto f Science (AAAS), and serves on the boards of a lltiDlberofteclmologycorporatioos 

and go\"elUUDeDt agencies. He is co-in\"mtor ofFDA-approved devices and drugs in cliDical trials, and has 

been tbe principal architect o f a series of ach·anced computational systems for military, cotlliDel'Cial, and 

medic.U applicafiODS. 

References 

1. Feyam;u>,R.. In Hawking, S. (2001). Thewliverse ina autsbell (p. 83). Bani=. 

2. Retrieved 

3. Jerisoo, H. (1973). Evolution oftbe brain and intelligence. Aademic Press. 

4. Finlay, B., Inooceuti, G, & Scheich, H. (1991) . The neocortex: Ontogony and phylogeny. Pleoum 
Press. 

5. Finlay, B., & Darlingtoa, R.. (1995). Linked regubrities in the development and evolution of 
mammatim brains. Science, 268, 1578-1584. 

6. Striedter, G. F. (2005). Principles o f brain evolutioo. Sinauer Associates. 

7. Fall<, D., & Gibson, K. (2001) . EvolutiolW)' an.1tomy of tbe primate cerebral cortex. Cambridge 
Un:i\wsity Press. 

8. Sherwood, C., HoDoway, R.., $emendeferi,K, &Ho~ P. (2010). lnhibitol)'intemeuroosoftbe 
hu:man pre&ootal cortex display cODSen<-ed evolution of the phenotype and related geoe:s. 
Proceedings of the Royal AcademyofScieoce B, 277, 1011- 1020. 

9. Ly»ch, G., & Granger, R.. (2008) . Big brain. Palgrn~ Macmill.uL 

10. Herculano-Houzel, S. (2009) . The human brain in numbers: A linearly scaled-up printate brain. 
Froo.tier:sin Neuroscience, 3, 1- 11. 

11. Semendeferi, K., Telfer, K, Bwdooe'~ D., Pad<, M., Blucbn, S., Amunts, K, . . . Buckwalter, 
l (2010). Spatial organization of oeuroos in tbe prefrontal cortex sets humans apart fiom great 
apes. Cerebral Cortex. doi: 10.1093/cercorlbhql9 1. 

12. Amati,D., &Shallice, T. (2007). Onthe~ofmoderuhumans. Cognition, 103(3), 358-
385. 

10 



 

63 
Approved for public release; distribution unlimited. 

 

Cerebrum, January2011 

13. Jones, E. G., & Rakic, P. (2010). Radial columDS illoortic.U arcl>itec ... : It is tbe composition 
that coua~s. c.r.bral c-., 20(10), 2261-2264. 

14. Nimchillsky, E., Glis-E., AllDw>, J., Perl, D., E>will,J., &Ho~ P. (1999). Aueuro..U 
motphologic type unique to humans aod great apes. Proceedings of the National Academy of 
ScieDCe, 96, 5268-5273. 

15. Galuske, R., Schlote, W., Bratzke, H., & Singer, W. (2000). Imerbemispberic asymmetries of tbe 
modularsb1Jcture ill humans. ScieDce, 289, 1946-1949. 

16. Buxhoeveden,D., Switala, A., Roy, E., Litahr, M., &Casmo;o, M. (2001). Mo!pbologic.U 
differences betweeo minioolumns in human and nonhuman primate cortex. American Joumal of 
Physical Amhropology, 115, 361- 371. 

17. La;, C., Fisher, S., Hurst, J, Levy, E, llodgsoa, S., Fox, M., . . . Moaaco, A. (2000). The SPCHl 
region on human 7q31: Genomic characterization of the critical interval and localization of 
tramloc.1lions associated w;,t, speech aDd bnguago disorder. American Joumal of !Iuman 
Genetics, 67, 357- 368. 

18. E,..,., P., Gilbert, S., Mekel-Bobrov, N., Valleoder, E., Allderson, J., Vaez.Azizi, L, ... Lalm, 
B. (2005). Microcephalin, a goae regulatillg brain size, coolillues to evolve adap<ively ill humans. 
ScieDCe, 309, 1717- 1720. 

19. Mekel-Bobrov, N., Gilbert, S, Evam, P., Valleoder, E., Allde.-so11, J., Hudso11, R., . . . Lalm, B. 
(2005). Oogoing adaptive evolution of ASPM:, a brain size detetmin.ant in Homo sapiens. 
Scieoce. 309, 1 no. 

20. Bniteoberg, V., & Schiiz, A. (1998). Cortex: Sta6s6cs aDdgoome~Jyofoeuro..Ucoouec6vrty. 
Springer4 Verlag.. 

21. Hiusse-, M., &Mel, B. (2003). Dendrites: Bugorfe .... ? Cunent()pGoiooillNeurobiology, 13, 
372- 383. 

22. Fuhmwm, G., Segov, 1., Marla-.m, H., & Tsodyks, M. (2002). Codiog of temporal illforma6oo 
by acti\.i.ty-depeode:nt synapses. Journal of Neurophysiology, 87. 14~148. 

23. Singer, W. (1999). Neuro..U sy<>chrooy: A versatile code foe tbe defioitioo of rebti .... ? Neuro11, 
24(1), 49-65, 111- 125. 

24. Singer, W. (2010). Distributed processing aDd temporal codes io oeuroaaluetwocb. Cognitive 
Neurodyoamjcs 3, 189-196. 

25. Tnub, ll, Bibbig, A., LeBeau, F., Buhl, E., & Wbittiogto11, M. (2004). Cellular meclwJisms of 
newonal population oscillations in the hippocampus in vitro. Annual Review ofNeuroscieoce, 
27, 247- 278. 

26. Wang, X. (2010). Neurophysiological and computa60..U principles of cortical mythms ill 
cognition. Physiologic.U Re\i ews, 90(3), 1195-1268. 

27. Clopath, C., Busing, L, Vasilalci, E., & Gerstner, W. (2010). Coooectivity reflects coding: A 
model of voltago-based STDP w;,t, homeostasis. N .... Neuroscience, 13, 344-352. 

11 



 

64 
Approved for public release; distribution unlimited. 

 

Cerebrum, January2011 

28. Rodriguez, A, Whitson, J., & Granger, R. (2004). Derh'>lion and analysis of basic co_,tational 
operatioos of thalamocortical circuits. Joumal of Cognitn.oe Newoscience, 16, 856-S'n. 

29. Granger, R. (2005). Brain circuit implementation: Higb-precisioo computation from low­
precision components. In Bergw & GJ.urzman (Eds.), Replacement parts for the bram (pp. 277-
294). MIT Press. 

30. Granger, R. (2006). EDgines of the bram The computational instrudioo set of human cogniti011. 
AI Magazine, 27, 15- 32. 

31. Felch, A., & Granger, R. (2008). The ~ connecmity hwothesi~ Di>w gmt 
perfonxwlCe of brain circuits with different synaptic COODectivity distributions. Brain Research, 
1202, 3-13. 

32. Edelman, S. (1999). Repl't'SeDta.tioo and recognition in \ision. MIT Press. 

33. Edelman, S., & Intntoc, N . (2003). Towards structural systematicity in distributed, statically 
bound visualrepreselltltions. Cognitive Science, 27, 73-110. 

34. Thorpe, S., Fi2e, D., & Marlo~ C. (1996). Speed of processing in the human \isnal system. 
Nature, 381(6582), 520-522. 

35. Stanfocd, T, Sbankar, S., Massoglia, D ., Costello, M, & Salims, E. (2010). Perceptual decisioo 
malcingin less than 30 millisecoods. Nature NewoscieD<:e, 13(3), 379- 385. 

36. Feldman, J, & Ballard, D . (1982). Connectiooistmodels and their properties. Cognitive Science, 
6, 205-254. 

37. Asanovic, K., Bodik, R., Demmel, l , Keaveny, T., Keutzer, K., Kubiatowicz. l •. . . Y elick, K. 
(2009). A \UW of the panlJel computing landscape. Comrmmicatioos o f the ACM, 52, 56-67. 

38. Mootbnikan, J, Felch, A, Chandrashekar, A., Dntt, N ., Granger, ll, Nicolan, A., & 
V eidenba-A. (2009). Brain-derived visioo algorithm oo high-performance architectures. 
In-.tional Journal o f Parallel Programming, 37, 345-369. 

39. Schultz, W., Day;m, P ., &Mootague, IL (1997). A neural substrate of prediction and reward. 
ScieDCe, 175, 1593-1599. 

40. Schultz, W., Apicella, P., & Ljungberg, T . (1993). Responses o f monkey dopamine neurons to 
rew;ud and cooditiooed stimuli during a <lelayed respoase task. Journal of NewoscieD<:e, 13, 900-
913. 

41. Schultz, W. (1998). Predictive rew;ud signal of dopamine neurons. Jomnal ofNeurophysiology, 
so, 1- 27. 

42. Schultz, W. (2002). Getting formal with dopamine and reword. Neuroa, 36, 241- 263. 

43. Suri, ll, & Schultz, W. (2001). Temporal differmce model reproduces anticipatory neural 
acti,ity. Neural C-tioo, 13(4), 841-862. 

12 



 

65 
Approved for public release; distribution unlimited. 

 

Cerebrum, January2011 

44. Suri, R. (2001). Anticipatory responses of dopamine o.euroo.s and cortical neurons reproduced by 
inJmW model. Experimental Brain. Rese=b, 140(2), 234-240. 

45. Suttoa, R.. S, & B-, A. G. (1990). Time-derivath"' models ofP.n·lo;ian reW'oroemeut. In 
Gabriel &Moore (Eds.), Leam.ing aod computational neuroscience: Foundations of adaptive 
uetwotb,(pp. 497- 537). MIT Press. 

46. Suttoa, R.., & Barto, A. (1998). R.einforoemenl learuiDg; An introducti011. MIT Press. 

47. Strick, P., Dum, R.., &Musbiake, H. (1995). Basal ganglia loopsMthtbe cerebral cortex. InM. 
Kimura & A. Graybiel (Eds.) , Fuw:tioos oftbe corti~basalganglia loop (pp. 106-124). 
Springer4 Verlag.. 

48. Geneo, C., & Wliso11, C. (1996). The basal ganglia. In SwaDSOD, Bjottbmd, & Hokfelt (Eds.), 
lfaJJdbook ofCbemical Neuroanatomy, voll2 (pp. 371-468). Elsevier. 

49. Alexander, G, & DeLcmg, M. (1985). Mic:rostimubtioo oftbe primate ueostrian=l. 
Physiological properties of striatal mic.roexcitable zones. Joumal of Neurophysiology, 53, 14001-
11416. 

50. Graybiel, A., Aosaki, T., Flaherty, A., &Kimma, M. (1994). The basal ganglia aJJd adaptive 
motorcootrol Scieace, 265, 1826-1831. 

51. Graybiel, A. (1995). Buildmg action repertoires. CuneDtOpinioo in Neurobiology, 5, 733-741. 

52. Houk, J, Davis, J., & Beiser, D. (1995). Models of information processing in tbe basal ganglia. 
MIT Press. 

53. Houk, J, & W>Se, S. (1995). Distributed modular archite<tures linlcing basal ganglia, cenbell­
;md cerebral cortex. Cerebral Cortex, 2, 95-110. 

54. Knowlto11, B., & Squire, L. (1993). The learning of categories: Parallel brain systems for i­
n>en>ory aJJd ategocy knowledge. Science, 262, 1747- 1749. 

55. Brucber, F. (2000). Reword-based learning and basal ganglia: A biologically realistic, 
computatiooally uplicit theory. Unpublished doctoral dissertation, University of California. 

56. Poldraclt. R., Clark, J .• Pare·Blagoev, E., Shohamy, D., Cresco Moyano, l , Myers, C .• & Gluck, 
M. (2001). Interacti'"' n>en>ory systems in tbe human brain. Nature, 414, 546-550. 

57. Daw, N. (2003). R.einforcement learning models oftbe dopamine- aJJd their behavioral 
implicatioos. Unpublished doctoral clissertatioD, Carnegie Melloo Unive<sity. 

58. Frank, M. (2005). Dynamic dopamine modulation in tbe basal ganglia: A neur~tiooal 
account of cognjm..oe deficits in medicated and ooo-medicated Parkinsonism. Joumal of Cogniti:ve 
Neuroscience, 17, 51- 72. 

59. Laubach, M. (2005). Who's on first? What's on second? The time course of leaming in 
corticostriatal systems. Treods in Neuroscience, 28, 509-511. 

13 



 

66 
Approved for public release; distribution unlimited. 

 

Cerebrum, January2011 

60. Yin, H., & KDowltoo, B. (2006). The role of tbe basal ganglia ill habit formati011. Nature Re;;ews 
Neuroscieace, 7(6), 464-476. 

61. Swillehart, C., & Abbott, L. (2006). Dimmsiooal reduction for reward-based learoillg. Networl<: 
eo_...tioo m. Newal Systems, 17(3), 235-252. 

62. Hazy, T, Frauk, M., &O'Reilly, R.. (2007). Towards m exe<Util.~ without a boiDUilCU!us: 
eo_...tiooa! models of !be prefroDia.l cortexlbasal ganglia- Philosophical 
Transactions of the Royal Society B, 362, 1601- 1613. 

63. Green, C., Pouget, A., & Banlier, D. (2010). '-""'~probabilistic ill{.....,... as a geoeral 
leamiog u::.ecll.anism with action "ideo games. Current Biology, 20, 1573-1579. 

64. Ericksoo, K., Boot, W., Basal<, C., Neider, M., Prakash, R, Voss, M., Gr.oybiel, A., . . . Krame-, 
A. (2010). Striatal volume predicts level of video game skill acquisition. Cerebral Cortex 
doi: I 0.1 0931ce-oor/bbp293. 

65. Samso11, R.., Frauk, M., & Felloos, J. (2010). Co_...tiooal models ofreinforoemmt leaming: 
The role of dopamine as a reward sigoal. Cogoim~ Newody=nics, 4, 91- 105. 

66. Olshauseo. B. (1996). Emereeoce of simple cell receotn~ field plQI)elties by leamine a sparse 

code fo.-oatural illaage• Natun, 381, 607. 

67. Douglas, R.., &Martin, K. (2004). Neurooal circuits oftbe oeocortu. Awma1 Re\-jew 
Neuroscieace, 27, 41~5 1. 

68. Frist011, K. (2008). Hierarchical models ill tbe bniD. PLoS Computatiooal Biology, 4, e l000211. 

69. George, D., & HawlciDs, J. (2009). Towards a matbematical theory of corneal microcircuits. PLoS 
eo_...nooa~ Biology, 5, el000532. 

70. Rieseobober, M. (1999). 11ierarchical models of object recogoitioo ill cortex. Nature 
Neuroscieace, 2, 1019. 

7 1. Lee, T ., & Mumford, D. (2003) . Hierarchical bayesian illfereoce ill tbe ;-;sua) c-x. Joumal of 
tbe Optical Society o f Ameria, 20, 1434-1448. 

72. Granger, R.., & Bean>, R.. (2008). Models of tbe thalamocortical system. Scbol.upedia, 2(11), 
1796. 

73. NikoliC, D., Ri...Jer, S., S ing..-, W., & Maass, W. (2009) . Distributed fading a>emoJY for 
stimulus propert;es ill tbe priuwy ;-;sua) cortex. PLoS Biology, 7(12), e l000260. 

74. Smale, S .• Rosasco, L., Bou''li.e, J., Capotmetto, A., & Poggio, T. (2009). Mathematics of the 
oewal response. Fouodatioas ofCo-tiooal M>tbenatics, 10(1), 67- 91. 

75. Diettericb, T. (2000). Hierarchical reinfon:emeutlearoillg with tbe MAXQ value fi=tioo 
decoropositioo. Joomal or Artificial~· Research, 13, 227- 303. 

76. Barto, A., & Mabade; '>-11, S. (2003). ~t advaDces m bi..-archical reinforoement leacuiog: 
Discre<o E'~t l>yoamic Systems, 13(341- 379). 

14 



 

67 
Approved for public release; distribution unlimited. 

 

77. 

78. 

79. 

80. 

81. 

82. 

83. 

84. 

85. 

86. 

87. 

88. 

89. 

90. 

91. 

92. 

93. 

Cerebrum, January2011 

Suttoa, R., Precup, D., & SiDgh, S. (1999). Betw.., MDPs aJJd semi-MDPs: A &amewott for 
temporal abstraction in reinforcement learning. Artificial ~ce. 112, 181-211. 

Gr.mger, R. (2006). The .,.,lutioo of computatioo in bnin c:ircuiby. Behavioral ;md Brain 
ScieDCe 29, 17. 

Bany, J., Kaelbling, L., &Lozaoo-Penz, T. (2010). Hierarchical solu6on oflarge Matkov 
decision processes. Technical report, MIT. 

NIDCD. (2009). Cochlear implants. R.etrie\'ed from!www.nidcd.nih.gov/bn ltblb.aringlcoch.amJ 

Weiland, J., Liu, W., & Humayun, M. (2005). R.etinal prosthesis. Annual R.e•iew of Biomedical 
Engineering, 7, 361-401. 

U.S.W l of~Office of Science. (2009). Artificial retina. project. Retrie\"ed from 
I hnrr · fisia'~fnem: w·' 
Chm,K., Yang, Z., Hoang,L., Weiland, J, Humayu, M., &Liu, W. (2010). An integrated256-
clwmelepiretinal prosthesis. IEEE Joumal of Solid State Circuits, 4 5, 1946-19 56. 

Zhou,C., Tao, C., Cbai,X., Snn, Y., &R.en, Q. (2010). 1mplantable imagingsyst.mfor visual 
prosthesis. Arlificial Organs, 34(6), 518-522. 

Zmmer, E.., Wilke, R., Bartz-Schmidt. K. U., Gekeler, F., Besch, D., Beoav, H.., Bruckmann. A.., . 
. . Stett, A. (2009). Subretinal mic:roelectrode arrays allow blind retinitis pigmmtosa patims to 
recognize letters and combine them to words. 2nd International Coofemxe on Biomedical 
Engineering ;md Informatics (pp. 1-4). 

Moritz, C., Perlmuttw, S, & Fetz, E. (2008). Dire<! control of paralysed =les by cortical 
neurons. Nature, 456, 63~2. 

Velliste, M., Pen!, S., Spalding, M. C., Whitford, A. S., & Schwartz, A. B. (2008). Cortical 
oontrol of a prosthetic arm for self-feeding. Nature, 453(7198), 1098-1101. 

Tbrnn, S. (2000). Probabilistic algorithms in robots. AI Magazine, 21, 93-109. 

Fedulov, V., R.ea, C., Simmons, D., Palmer, L, Gall, C., & Lynch, G. (2007). Evidence that 1- ­
tetm potentiation occurs within indi\oi.dual hippocampal synapses during learning. Joumal of 
Neuroscience, 27, 8031-3039. 

Op de Beeck, H, Baker, C., DiCarlo, J, & Kanwisher, N. (2006). Discriminatioo training altus 
object representa.tioo.s in human extrastri.ate cortex. Joumal ofNeuroscien.ce, 26, 1302~13036. 

Li, N, & DeCarlo, J. (2008). UnsupeiVised natura! experience rapidly alters im'Uiant object 
representation in visual cortex. Science, 321, 1502- 15(17. 

Wallisoh, P., &Mo•-.hon, J. A. (2008). Structure ;md !\motion come unglued in the visnal cortex. 
Neuron, 60(2), 195-197. 

Pinto, N., Cox., D., & DiCarlo, J. (2008). Why is Nal-wodd ,.;,w object recognition hard? PLoS 
Computational Biology, 4(1), e27. 

15 



 

68 
Approved for public release; distribution unlimited. 

 

Cerebrum, January2011 

94. Simo""elli, E. P., & Olshausen, B. A. (2001). Natural imago statistics....! aeuralrepnseutation. 
Amlual R.e•iew ofNeuroscience, 24, 1193-1216. 

95. Cox, D., Meie<, P., Oertelt, N., & DiCarlo, J. (2005). Breaking position im'<lriaut object 
recogni.tioo. Nature Neuroscience, 8, 1145-1147. 

96. G.mao, S. (2()06). lln'>liance and selecfuity in tbe ,-.~ visual pathway. Jourual of Pbysiology, 
100,212- 224. 

97. Yuille, A., &Kerslell, D. (2006). Vision as Bayesian ioference: Analysis by syuthesis? Trmds 
in Cogoitil.~ Sciences, 10(7), 301- 308. 

98. DiCarlo, J, & Cox, D. (2007). Uutangling inv.n...tobject recognition. Trends in Cognilh'e 
Sciences, 11, 333-341. 

99. Roy, J, !Uesenhnbe<, M., Poggio, T, &Miller, E. (2010). Prefrontalc-x actnitydnring 
flexible categorization. Jourual ofNeuroscieDce, 30, 8519-8528. 

100. Kosslyn. S., Alpert. N., Thompson, W., M.aljkcn.ic; V., Weise, S., Chabris, C., . . . BuoD.aDDO, F. 
(1993). Visual.,....taJ image<y actn•tes topographically organ;..d \isual cortex: PET 
lnvestigatiODS. Journal of Cognitive Neuroscience, 5, 26~287. 

101. Kosslyn, S., Tbompsoo, W., Kim, l , & Alpert, N. (1995). Topograpbicalrepresell!ations of 
mental images in primary visual cortn. Nature, 378, 496-498. 

102. Slotuic.k, S, Tbompsoo, W., & Kosslyn, S. (2005). Visual D>ell!al imagery induces retinotopic.illy 
organized acti,'<fion of earlpisual areas. Cerebral Cortex, 15(10), 1570-1583. 

103. Posaer, M, & Snyder, C. (1975). Attmlion andcogoitil.~ control. In Solso (Ed.), Infonnation 
processing and cognition: The Loyola symposium (pp. 55-85) . Edba.um. 

104. Neely, J. (1977). Semantic primil>g and retrieval from lexical"""""')': Roles o f inhibilionless 
spreading actn•tion....! limited-apacity attention. Jourual of Experimental Psychology, 106, 
226-254. 

105. R.ttclifl; R., & McKooa, G. (1978). Priming in item recognition: Evid=e for the propositional 
structure of sen-es. Joumal of Verbal Learning and Verbal Behavior, 17, 4~17. 

106. Kay, K., Naselaris, T, Prengor, R., & Gallal!t, J. (200S). Idmtifyingnatural imagos from bmnan 
brain actMty. NaMe, 452, 352- 355. 

107. Naselaris, T, Prengor, R., Kay, K., Oli\w , M, & Gallan~ J. (2009). Bayesian reconstruction of 
natural images from bmnan brain actMty. Neuroo, 63, 902- 915. 

108. lee, Y., Grangor, R., & Raizada, R. (2010). How categorical are brain areas processing speech? 
(UDder re'ti.ew). 

109. Kriegoskorte, N. (2()09) . R.elating population code T<Ptesenlatioas ben\,.., mao, DIOCII<ey, ....! 
computational models. Frontiers in Neuroscience, 3, 363-373. 

16 



 

69 
Approved for public release; distribution unlimited. 

Csrs!Jrum, January 2011 

I 10. TvJralb:1. i\ .. & Sinha. J'. 12M I). S l<Jl. i:>li;:.tl n>lllt!:\( p1imiuy fm ul~~l <.lt-L*"lion. T'ru .. :e~:lliu~ of 
d'l~ lnt..:m:tti.;)n~l C:ontCrcncc on Com1:ntcr Vi::i<'n, :o~;3-77fl. 

I l I. Toualb;,1, A. (:3003), Coultx.lmd prinWls,ll'>l ol~CCl ~lClCNion. l.ol~(lt:.ni .. '>U:.11 Jot~t'JKtl of COJ)tl)ulc.t 

Vi::bn. 53, 169-IIJI. 

111. C,urnll. S. (2(ill.~}. hndb.:..-. 1\·wm" mC'l~r lx:auti fnl. W. W. 'vmon. 

I 13. G~wei~-f~w•)ti.~l<lez, ,1. c;.(l-:,l:;j. Th~ gt-~Jesi~ a•.l<l eov•)hl(iOI: {lfhcmeoi>O\: $E'll¢ c:h•s.t.u'J. NM\ll.'t 
K~vicw<~ < icnctic<~, <•, !\X l--..'W2. 

11·1. :l.uck~rmln. M ., Knhlm:tn, I) .• Joircm3n, J .• 'l'.:.u., P., & Krart, M. ( i 99:~). A campru-i~\ln affhrcc 
~lru~;Lural·.models lbq:ers<m<llit)< l h:: bi~ lh~e. lhe hi£ !l\'e. a:u.llhe-:.\herrmli\·c liYe .. hmrrml l) f 

p,y~('ln:ll iry :l1ut $(1(:i:l1 Poty~t-.n1,"~eJ-·, (\-\(4) , 717- 7f•&. 

I l 5. l yuarn, 0., & \Vidib'<!. T. {~CIOL). l::!in;; lh<: li\·t'-f<r .. :lorrnmld l..:- :·~pr~st'rL tlte DS~.f-IV 
r••rr.:uulity d il(,"lr<kr>.: An , .. xp~rr ~<lll!Y. .. Ill(U't apprro,".h .. k·unna1 ,,;· Ahnnrntl1 Pr.yc:h.:'llne;y, I I(), 
4UI 4 ! :.!. 

116. J.I.S. JJi''"t snd llru1. Adminio;lrl!:liun. (:!0112). F1).~ publi~ hcsllh n:llili~lli l'n : Ki~k •ll'~lCit1i:tl 
m«niugil i~ in d 1illln:u wilh -.:uchle;u ituplaul~. ltc-lri.tM:•ll fr>Ju:t 
hn ,.;,.:.~'\\'\\'. t(ln. .o.YLM£dica II ~·i c~~af;n::,~ 1c1.1 innd~ icc-,3£r.\.t~J · ~ H c11lth' Q.ti ticnrl!>ns;.Q~nf~ 

117. U.S. F1,~i :md Drug Admmistr:dinn. (:!011(>). FJ>.-\ publi~ hc:tl th m'll'ifka.ti•,n: <.A,n:inucd ri :ok ,,f 
bad<:J iollrut'uiugi l i~ iu driJJ.r\'11 wi'Jt ~·.>~,;hlt'i~r imj.lkmls Y;ilh ;:. J.l~iliunt'r l't')UmiL·,..~rly -flmr 
m<lnfhl( )()!(t-im lant.'lt i('ln. Rcrri::-o.·cd th"~m 

h u } :.:.: ..... \\'\\'. fdn.e~w.:\·fc:.lio:ul fkvi .. ~~.-.:s:, f ~!·• :\ ILT ,;4J.nJNoai ..:cl<..:Puhh.;J r callh' uli fl\~Uti ll\)s:u.:m0-52 
Hl-l.lllll.\ 

1 l S. SpilrJVW, R ~~005). Dt'l~mlin!;t J« rf t· ulluJ~: Tilt: (·;.r~ uf -.:u..:W~rr iwpliUJl:l. J~.•uru:.r) uf Pu)j1i(·;.r) 
Phil%(lt)hy , 13('!:•, 135-1 52. 

119. P~rer~cn, R ., Smirh, G., W;:~fing, S., l vnik, R., T;:~nt,~l ll&, fi.., ,lit K"kln~ •· , R. i1!)9!)j. \.1i ,i ~o>£11ith·~; 
impairment: Clinicllf ch~lr:r\:tcrinrfi ('ln a·1d nutcnmc. Anm1ls ofNcnrfllo.~~-. 5(>, .!11.!-:inS. 

120. KiY:;s-Va!<.qn~T.. N., M cndcT., C., R:y, H., K.:. C~rr:l7~1l!l.. F. (201l4). Fvlild ~:'1~,niriv.: imp:;inncnt : 
Nt'w nt"umphysiolv.!;iwl mtd pitamta.:-:)l~•giur.l t<rr~c:l. :\n:hi\'t'li ~~fCiini>:al :\t'ump:o:ychdo;to,.·. 19, 
li- 27, 

llu~ wmk Y.'tL~ ~uppc:ncclrn p.11t l~v !.rnn~ fl'('lm th~ Of·'i.:.: nf \!!vnl l{c~cnreh ond fr'('lm th.: l>~f.:nc 

.t.d\':lllc;,;d R.:;~arch PTO.lCCt.~ ~;?Cil~' 



 

70 
Approved for public release; distribution unlimited. 

List of Acronyms, Abbreviations, and Symbols 
 

Acronym Description 

BORN branching object relation notation  
bovw bag of visual words 
EM expected maximization 
CSL cortico-striatal loop 
JLC joint localization and clustering 
Knn k nearest neighbor 
SVM support vector machine 
VTV vision for time-varying images 
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